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ABSTRACT
As the population of older adults in the U.S. continues its exponential growth, so too will the
need for high-quality health and preventive services. Despite the widely acknowledged need for
proactive solutions to the coming public health challenges for this rapidly expanding age cohort,
healthcare providers and social work practitioners continue to lack the proper education training
to serve the needs of older adults. Furthermore, these allied health professionals also frequently
engage in ageist behaviors across care settings that also often employ institutionally ageist
policies and procedures. As a result, older adults may be particularly at risk of negative health
outcomes compared to younger individuals despite their insurance coverage rates of nearly
100%. While previous studies of insurance type and health outcomes have shown that Medicaid
recipients tend to receive less and lower quality care compared to others, older adults have been
generally excluded from these studies. Thus, this dissertation study aimed to address this gap in
literature by conducting a study of the influence of insurance coverage type on 13 healthcare
utilization and health behavior outcomes among adults 65 and older. Using the 2014 wave of the
Health and Retirement Study, this cross-sectional, secondary data analysis utilized logistic
regression and multiple regression to model each of the 13 outcomes using Andersen’s
behavioral model. Results showed that insurance type was a significant predictor of three health
services and four health behaviors: doctor visits, prescription drug usage, outpatient surgery,
mild physical activity, moderate physical activity, cholesterol screening receipt, and flu
vaccination receipt. Implications for social work practice, policy, Andersen’s behavioral model,
and future research are discussed in light of the findings.
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CHAPTER 1: INTRODUCTION
From 2004 to 2014 the population of adults 65 and older grew from 36 million to 46
million, yet despite the rapidly growing population, researchers and healthcare professionals in
the U.S. and abroad remain relatively unprepared to meet the needs of older adults
(Administration on Aging, 2015; Beard, Bloom, & David, 2015; Beard et al., 2016; Bernard,
2009; Blazer, 2013; Cesari et al., 2016; Cuckler et al., 2018; Hoge, Karel, Zeiss, Alegria, &
Moye, 2015; Hootman & Helmick, 2006; Jeste et al., 1999; Rowe & Kahn, 2015; Schutzer &
Graves, 2004). As argued by the Alliance for Aging Research (2003) and Williams (2007),
institutional ageism produces barriers for older adults (65 and older) in accessing preventive care
and in receiving appropriate diagnoses and treatment. Age-related bias is also reflected in the
relative differences in advocacy and support for caregivers of children compared to caregivers of
older adults (Williams, 2007). For example, parents are often able to draw from a wealth of
educational resources in order to properly care for their children, while caregivers for older
adults commonly receive little to no education or support (Williams, 2007). Likewise, older
adults are often excluded from disability advocacy efforts. In terms of research and clinical care,
social workers and other allied health professionals lack appropriate training to serve the unique
needs of older adults, while researchers frequently exclude this population from clinical trials
(Alliance for Aging Research, 2003; Whitaker, Weismiller, & Clark, 2006; Williams, 2007). Not
only do these practitioners lack appropriate training, but they also freely self-report ageist
behaviors and attitudes in social service settings (Allen, Cherry, & Palmore, 2009).
Organizational and policy biases, as opposed to individual, interpersonal prejudice, are
termed institutional ageism, which are often ambiguous and unintended, which makes them
difficult to identify and address (McNamara & Williamson, 2012). Furthermore, these instances
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of institutional ageism are frequently justified from a social and economic value perspective
which paint older individuals as inherently frail and burdensome, particularly to a society’s
healthcare system (Lloyd-Sherlock, Ebrahim, McKee, & Prince, 2016). As a result of individual
prejudice from providers and institutional ageism across settings of care, older adults can still
face unique barriers and disparate health outcomes compared to younger individuals.
Previous research has shown strong evidence for disparities in health outcomes and
access to care between uninsured and insured working age (18 to 64) adults (McWilliams, 2009;
Sabik & Dahman, 2012). Overall, uninsured individuals are more likely than insured individuals
to have poorer overall health, less likely to receive preventive health services, and less likely to
utilize health services such as doctor visits (McWilliams, 2009; Sabik & Dahman, 2012). As a
result, uninsured individuals have a higher risk of death or chronic illness such as cardiovascular
disease, diabetes, and cancer (McWilliams, 2009).
Of less concern among health researchers has been the exploration of possible disparities
among individuals by type of insurance coverage, especially among older adults, defined in this
paper as 65 and over. As shown by McWilliams (2009) expanded health insurance coverage for
the uninsured improves access to better quality care and produces better health outcomes,
including older individuals who move from no insurance to Medicare. Consequently, it stands to
reason that more comprehensive health insurance coverage for those already insured should see
even better outcomes. However, with few exceptions (e.g., Dunlop, Manheim, Song, & Chang,
2002; Brunner et al., 2006), this hypothesis remains largely untested.
Thus, the purpose of this dissertation was to conduct a secondary data analysis from a
substantially large sample of adults 65 and older regarding disparities in health service utilization
and health behaviors by insurance type. Briefly, health disparities refer to differences in health
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outcomes (e.g., access to care, disease diagnosis, etc.) experienced by vulnerable or oppressed
groups as a result of societal inequalities (Braveman, 2006). The bulk of health disparities
literature has focused heavily on differences in outcomes for racial/ethnic minority groups
compared to non-Hispanic White individuals and those of lower socioeconomic status (SES).
Furthermore, these same studies tend to focus on working age adults under 65. Indeed, a much
smaller body of literature explores whether racial/ethnic and SES health disparities hold in the
older population or the differing ways in which older adults can experience disparities compared
to younger individuals. Thus, research to fill this literature gap is urgently needed.
This dissertation is a study on the effects of health insurance type on healthcare
utilization (HCU) and health behaviors among adults 65 and over. To begin, Chapter 2 focuses
on the conceptual definitions of the primary dependent variables (HCU and health behaviors)
and independent variables (insurance type). Each of the main variables is defined, including
attributes and scope. Next, the paper provides measurable, operational definitions for every
independent variable (e.g., age, income, chronic conditions, etc.) and dependent variable (HCU
and health behaviors). Then the paper explores and synthesizes the available literature relevant to
health disparities, HCU, and health behaviors. The review explores the available literature on
health disparities in HCU and health behaviors in racial and ethnic minority adults as well as in
older adults. Finally, Chapter 2 ends with the discussion and application of Andersen’s (2008)
Behavioral Model and its application to the study variables. The subsection explores
predisposing, enabling, and need variables at the environmental and individual level and their
relationship to various health outcomes. Chapter 3 explains the cross-sectional, secondary data
analysis as well as expand on the operational definitions included in Chapter 2 by providing
valid answers, score ranges, and survey questions. The section then discusses the multistage
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sampling procedure and survey procedures for the Health and Retirement Survey. Chapter 3 ends
with a discussion of the logistic regression and multiple regression analysis procedures.
Results from each of the 13 specified models of HCU and health behaviors are discussed
in Chapter 4, including tables and figures of coefficients, significance levels, and predicted
values and probabilities. For convenience purposes, the end of Chapter 4 contains a summary
table of significance levels for each predictor variable across all 13 models. The dissertation then
end with Chapters 5 and 6, which presents a discussion of the study findings as they relate to
previous literature. Chapter 5 also presents study limitations and suggestions for future research
directions, particularly as it relates to the main variable of interest, insurance type, as well as the
strongest predictor, mobility. Finally, Chapter 6 concludes the dissertation with a brief discussion
of the study implications for social work and other allied health professions. This paper now
begins with the conceptualization of HCU and health behaviors.
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CHAPTER 2: CONCEPTUAL FRAMEWORK AND LITERATURE REVIEW
Conceptualization of HCU
HCU refers to a group or population’s usage of medical services available in their
community or country. Da Silva, Contandriopoulos, Pineault, and Tousignant (2011) noted that
utilization can be assessed objectively through administrative or physician records or
subjectively through self-report from care recipients. Some examples of services comprising the
concept of HCU include primary care physician visits, hospitalizations, and home health usage.
Based on previous literature and data availability, the study examines the utilization of six
medical services among older adults: (a) hospital stays—admission to a hospital through an
emergency department or transfer (e.g., transfer from a nursing home); (b) nursing home stays—
admission to a rehab, skilled (short-term), or long-term nursing facility; (c) physician visits—
visit or consultation with a primary care physician or specialist; (d) home health usage—use of
health services in the home (e.g., wound care, caregiver or patient education, medication
administration, etc.), not including personal care services (e.g., bathing, feeding, toileting, etc.);
(e) outpatient surgery usage—surgery (typically minor) performed in an outpatient clinic rather
than a hospital; and (f) prescription drug usage—non-over-the-counter medication usage
requiring a physician prescription.
According to the U.S. Census Bureau, approximately 73% of non-institutionalized
Americans saw a medical provider at least once in 2010 (O’Hara & Caswell, 2013). Of those
who saw a medical provider at least once, about half utilized a medical provider once or twice
while the other half visited a medical provider three or more times. Aside from medical provider
visits, the most common medical service used in 2010 among all Americans was dental visits,
followed by prescription medication and hospitalizations (O’Hara & Caswell, 2013). Nearly 59%
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of all individuals visited a dentist at least once, while 43% used prescription medication, and 8%
spent at least one night in the hospital (O’Hara & Caswell, 2013).
Utilization varies greatly among different age groups. Children under 18 and young
adults 18 to 24 visited a medical provider the least often compared to older individuals in 2010,
with 35% of children and 37% of young adults never visiting a provider (O’Hara & Caswell,
2013). Children and young adults were also the least likely to have visited a dentist, used
prescription medication, or spent a night in the hospital. Adults 25 to 44 reported similar
utilization to young adults, with 32% having never seen a medical provider, 43% never visiting a
dentist, and 65% never using a prescription in 2010 (O’Hara & Caswell, 2013). Though 2015
statistics encompass a larger age group (18-44) the number of younger individuals who had
never seen a medical provider that year dropped to 26% (Lucas & Benson, 2017).
Overall, adults 18-64 visited a medical provider about 3.9 times in 2010, marking a
downward trend from the 2001 average of 4.8 visits (O’Hara & Caswell, 2013). This downward
trend in HCU was also true for adults 18 to 64 who rated their overall health as fair or poor, with
the average number of visits of 11.6 in 2010 compared to 12.9 in 2001. Likewise, this overall
decline in HCU held for those 18 to 64 who were uninsured in 2010, with approximately 24.1%
receiving any medical services that year compared to 28.4% in 2001. An even smaller proportion
(11.7%) of uninsured individuals 18 to 64 received a routine checkup, which was also down
from the 2001 proportion of 13.5% (O’Hara & Caswell, 2013).
Middle age (45 to 64) and older adults showed a sharp contrast in HCU compared to
younger individuals in 2010 (O’Hara & Caswell, 2013). Middle age adults had the secondhighest usage of medical provider visits (80%), hospitalization (8%), and prescription drug use
(68%) and the highest usage of dental care (63%) compared to all other age groups in 2010. This
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age group’s hospitalization prevalence did not change in 2015, while the prevalence of provider
visits increased to 86% (Lucas & Benson, 2017). Older adults had the highest prevalence of
provider visits (92%), hospitalization (27%), and prescription drug use (83%) in 2010. More
recent statistics suggest that the prevalence of provider visits among older adults increased
slightly (95%-97%) while hospitalizations decreased (15%) in 2015 (Lucas & Benson, 2017).
Older adults are also the most frequent users of long-term care such as nursing facilities and
home health compared to younger individuals (Harris-Kojetin et al., 2016).
Conceptualization of Health Behaviors
Gochman (1997) defined health behaviors as individual behaviors which promote,
maintain, or restore the health of an individual. While this definition includes HCU as a type of
health behavior, the literature has tended to focus on treating HCU and health behaviors as two
distinct concepts. Additionally, Conner (2002) further separated health behaviors into health
promoting (e.g., regular exercise) and health impairing (e.g., smoking) behaviors. Health
promoting behaviors are those that have been identified as keys to maintaining health or
preventing disease, while health impairing behaviors are those identified as harmful to health. To
remain within the study’s scope (respondent sex is not a main independent variable), the analysis
focused on two health promoting behaviors, physical activity and preventive services
(cholesterol screening and flu vaccination), and two health impairing behaviors, drinking and
smoking. The usage of sex-specific preventive health services such as mammograms and
prostate exams was excluded but will be explored at a later date in a separate study specific to
gender health disparities.
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Health Promoting Behaviors
Physical activity is commonly defined as leisure time activities performed for the sake of
improving health (U.S. Department of Health and Human Services [HHS], 2008). However,
especially relevant to older adults is the inclusion of daily physical activities (e.g., cleaning,
housework, yardwork, etc.), which can also contribute to an individual’s overall health. The
following information comes from the Physical Activity Guidelines for Americans (PAG)
published by HHS (2008). Physical activity can be mild, moderate, or vigorous. Mild activities
are the least strenuous of the three which includes exercises like slow walking or light
housework. Moderate physical activities are defined as those strenuous enough to allow the
individual to still talk but not sing while exercising. Some examples include brisk walking (3
miles per hour) or cycling (less than 10 miles per hour) on level terrain. Vigorous activities are
the most strenuous and only allows for the individual to say a few words before needing to catch
a breath. Examples of vigorous activities include running or swimming laps in a pool. For adults,
the PAG recommend a minimum of 150 minutes of moderate physical activity or 75 minutes of a
50-50 mix of moderate and vigorous physical activity per week in order to maintain a healthy
lifestyle and lower the risk of heart disease, stroke, certain cancers, and obesity. Special
guidelines for older adults state that if they are physically incapable of 150 minutes of exercise,
they should exercise as much as their condition allows. The PAG also recommends that older
adults who are at risk for a fall should participate in balance exercises to help mitigate risk.
Preventive services are those medical screenings and routine check-ups aimed at helping
ward off preventable conditions such as heart disease, cancer, or transmittable illness such as
influenza (Maciosek, Coffield, Flottemesch, Edwards, & Solberg, 2010). HHS recommends
certain preventive services depending on risk factors such as age or weight. For example, HHS
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recommends regular cholesterol screenings starting at 40 (Office of Disease Prevention and
Health [ODPHP], 2017). Common preventive services include blood pressure screenings, cancer
screenings (e.g., mammograms), smoking cessation programs, weight loss programs, and
vaccinations (HHS, 2017). To fit the scope of the study and limitations of the data, the study
explored two preventive services, cholesterol screenings and flu vaccinations.
Between 2011 and 2014 the average proportion of adults who did not meet the previously
outlined federal guidelines for regular physical activity was about 50% (Nugent, Black, &
Adams, 2016). Of that 50%, about two of three individuals were classified as physically inactive.
In addition, activity levels varied drastically across education and income levels. For instance,
graduate degree holders and those with incomes above 400% of the federal poverty threshold
were classified as physically inactive 14.2% and 19.2% of the time, respectively. In comparison,
those without a high school diploma and those with incomes below 100% of the federal poverty
threshold were classified as physically inactive 52.4% and 45.4% of the time (Nugent et al.,
2016). Thus, socioeconomic factors seem to play a large role in physical activity levels.
Across age groups, young adults ages 18 to 24 were the most likely to have met federal
guidelines between 2011 and 2014, with 60.4% classified as participating in regular moderate or
vigorous activity and 23.6% classified as physically inactive (Nugent et al., 2016). Physical
activity tends to decrease with age, as adults ages 75 and over were the least likely of all age
groups to have met the federal physical activity guidelines between 2011 and 2014 (Nugent et
al., 2016). Only 27.8% of adults 75 and over met the federal guideline while 51.8% were
classified as physically inactive (Nugent et al., 2016). Older adults 65 to 74 were only classified
as inactive 36.6% of the time in comparison (Nugent et al., 2016).
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The utilization of preventive services like flu vaccinations and cholesterol screenings also
varies across age groups. In the 2015-2016 flu season, the Centers for Disease Control and
Prevention (CDC) estimated that 41.7% of adults in the U.S. received a flu vaccination
(Srivastav et al., 2016). Flu vaccination uptake generally increases with age with 32.7% of 18 to
49 year olds, 43.6% of 50 to 64 year olds, and 63.4% of older adults receiving a flu vaccination
(Srivastav et al., 2016). For the 50 to 64 year old and 65 and over categories, the prevalence of
flu vaccinations for the 2015-2016 season represented about a three-point decrease from the
previous season (Srivastav et al. 2016). On the other hand, cholesterol screenings have a much
higher overall uptake rate compared to flu vaccinations. In 2013, the prevalence of cholesterol
screenings in the past five years for adults 20 and older ranged from 68% to 84% across all 50
states, with a 76% median (Mozaffarian et al., 2016). Compared to non-Hispanic White (72%),
Black (72%), and Asian adults (71%), Hispanic adults had significantly lower prevalence (59%)
of having had a cholesterol screening within the past five years according to 2012 National
Health and Nutrition Examination Survey (Mozaffarian et al., 2016). Among Hispanic adults a
sharp gender disparity in cholesterol screening prevalence also exists, with only 55% of Hispanic
men receiving a screening compared to 64% of Hispanic women (Mozaffarian et al., 2016).
Health Impairing Behaviors
Drinking behavior has been defined as an individual’s intake of any alcoholic beverage,
such as beer, wine, or liquor (National Institute on Alcohol Abuse and Alcoholism [NIAAA],
n.d.). Various federal agencies have further defined drinking behaviors by risk for developing an
alcohol use disorder. HHS defines lower risk or moderate drinking as one drink per day for
women and two drinks per day for men (NIAAA, n.d.). Higher risk drinking habits such as binge
and heavy drinking have been further delineated by the Substance Abuse and Mental Health

10

Services Administration (SAMHSA) and the NIAAA (n.d.). With minor variations in
measurement, both the NIAAA and SAMHSA define binge drinking as four or more drinks in
one sitting (within several hours of each other) for women and five or more drinks in one sitting
for men (NIAAA, n.d.). In addition, SAMHSA defines heavy drinking as binge drinking five or
more times in a single month (NIAAA, n.d.). The study explored all drinking behaviors in
general, rather than focusing exclusively on heavy or binge drinking habits.
Smoking and tobacco use includes the intake of nicotine and other byproducts of items
like cigarettes (traditional and electronic), cigars, pipes, chewing tobacco, and snuff (CDC,
2015b). Due to data limitations, the study focused on traditional cigarette smokers. The CDC
(2015b) categorizes the smoking status of individuals into three broad categories: current
smokers, former smokers, and never smokers. A current smoker is defined as an individual who
has smoked at least 100 cigarettes (5 standard packs) and who still currently smokes. Current
smokers are further categorized as some days smokers (current smoker who does not smoke
every day) and every day smokers (current smoker who smokes every day). Never smokers are
those who have smoked 99 or fewer cigarettes in a lifetime.
According to the 2015 National Health Interview Survey, approximately 52% of the U.S.
adult population was classified as a regular drinker (at least 12 drinks per year) and 15% a
current smoker (Blackwell & Villarroel, 2016). Men had a higher prevalence of regular drinking
(61%) and smoking (17%) compared to women (44% and 14%, respectively; Blackwell &
Villarroel, 2016). Additionally, the prevalence of regular drinking increases with education and
income while smoking decreases. Approximately 65% of college degree holders reported regular
drinking compared to 36% with less than a high school diploma, while 66% of those making
$100,000 or more per year reported regular drinking compared to 39% of those making less than
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$35,000 per year (Blackwell & Villarroel, 2016). About 6% of college degree holders reported
current smoking compared to 26% with less than a high school diploma, while 7% of those
making $100,000 or more per year reported smoking compared to 24% of those making less than
$35,000 per year (Blackwell & Villarroel, 2016). Younger individuals 18 to 44 had a higher
prevalence (57%) of regular drinking compared to those 75 and older (30%; Blackwell &
Villarroel, 2016). Similarly, younger individuals 18 to 44 had a higher prevalence of smoking
(17%) compared to those 75 and over (5%). Among those 65 and older, individuals on Medicare
and Medicaid reported significantly lower prevalence (17%) of regular drinking compared to
those with private, Medicare Advantage, Medicare only, other coverage, and no insurance (31%
to 41%; Blackwell & Villarroel, 2016). At the same time, individuals 65 and older using
Medicare and Medicaid also had the highest prevalence of smoking (14%) compared to those
using other types of insurance (6% to 11%; Blackwell & Villarroel, 2016).
Conceptualization of Health Insurance Coverage
Health insurance refers to public or private programs which cover payment for medical
expenses and/or prescription drugs for individuals who are insured (Agency for Healthcare
Research and Quality [AHRQ], 2007). In the U.S., healthcare coverage is dependent on a
mixture of both public and private insurance with a heavier reliance on private, employer-based
insurance (Barnett & Vornovitsky, 2016). Aside from employer-based group plans, other types
of insurance include direct-purchase plans from the Health Insurance Marketplace and
government health insurance such as Medicare, Medicaid, Children’s Health Insurance Program,
Veterans Administration, and TRICARE (Barnett & Vornovitsky, 2016). In general, health
insurance plans in the U.S. work through a system of premiums, deductibles, copayments or
coinsurance, and out-of-pocket maximums (AHRQ, 2007). The insured individual pays a
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monthly premium to maintain coverage under a plan with a set deductible, which refers to the
amount of services the individual must pay for out-of-pocket before the plan begins covering
services (with some exceptions; AHRQ, 2007). Services may then begin to be covered while the
insured pays either a copayment (flat fee per service) or coinsurance (percentage of cost per
service; AHRQ, 2007). The out-of-pocket maximum for an insurance policy refers to the
maximum that an individual would be required to spend for services in a given year (AHRQ,
2007). Thus, an individual with brain cancer who used $1,000,000 for medical services but had
an insurance plan with a $10,000 out-of-pocket maximum would only be required to pay for
$10,000 for services in a year.
Health insurance plans typically fall under one of two subcategories: fee-for-service
(FFS) or managed care plans (AHRQ, 2007; Sekhri, 2000). FFS or indemnity plans, which are
the least common, represent an older health insurance model which allows participants to choose
their own healthcare provider or hospital and are typically more expensive than managed care
plans (AHRQ, 2007; Sekhri, 2000). Under a FFS insurance plan, individuals pay for services up
front and often must submit claims to the insurance company for reimbursement (AHRQ, 2007;
Sekhri, 2000). Managed care plans offer two basic types of plans with varying flexibility and
cost, health maintenance organizations (HMOs) and preferred provider organizations (PPOs;
AHRQ, 2007; Sekhri, 2000). Of the three types of care (FFS, PPO, and HMO), HMOs offer the
least flexibility in choosing a care provider in exchange for the lowest costs (AHRQ, 2007;
Sekhri, 2000). HMOs do not cover services provided outside a strict network of physicians and
hospitals and participants are unable to self-refer to other physicians (AHRQ, 2007; Sekhri,
2000). HMOs typically only cover services rendered in a limited service region while PPO plans
offer medium flexibility and also typically fall between FFS and HMO plans in terms of cost
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(AHRQ, 2007). Similar to HMOs, PPOs also have a network of providers, though the network
and service area tend to be broader, and will still cover some services outside of the network,
although with higher fees (AHRQ, 2007). Other managed care options like point of service plans
exist but are less common than HMOs and PPOs (AHRQ, 2007; Centers for Medicare &
Medicaid Services [CMS], 2015) Finally, insurance plans can vary in comprehensiveness,
covering basic services (e.g., primary care, prescription drugs, hospitalization, etc.) or acting as
supplements to government insurance plans (e.g., long-term care insurance, Medicare Parts C
and D; Barrett & Vornovitsky, 2016). Government healthcare, particularly Medicare, is more
relevant to older adults than private insurance plans. Thus, Medicare is discussed in further detail
below.
Medicare is a government health insurance program which provides coverage to
individuals 65 and older (Barrett & Vornovitsky, 2016; Social Security Administration [SSA],
2016). Medicare may also cover individuals under 65 with specific medical conditions, such as
end-stage renal disease (SSA, 2016). Medicare is divided into four parts, each providing a
different set of covered medical services. Part A (hospital insurance) covers hospitalizations,
skilled nursing facility care, hospice, and home health (SSA, 2016). Because the majority of
older adults have paid into Medicare though payroll taxes, most pay no monthly premium for
Part A coverage (SSA, 2016). Deductibles and coinsurance rates differ by service. Home health
services are covered 100%, but hospitalization is not, for instance (CMS, 2017b; 2017a). For
hospitalization, the deductible for 2017 is $1316, with $0 coinsurance for the first 60 days (CMS,
2017b). The coinsurance rate then increases depending on the number of days hospitalized
(CMS, 2017b). Part B (medical insurance) covers basic primary care services such as outpatient
care, medical equipment, and preventive services (SSA, 2016). Unlike Part A, Medicare Part B
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has an income-dependent monthly premium (CMS, 2017b). The standard monthly premium
amount for 2017 is $134, although those who choose to pay out of their Social Security
retirement benefit will pay about $25 less than the standard (CMS, 2017b). The standard monthly
premium applies to individuals who make less than $85,000 per year if they filed an individual
tax return or less than $170,000 per year if they filed a joint tax return (CMS, 2017b). The yearly
deductible for Part B is $183 per year, with recipients paying 20% coinsurance for covered
services (CMS, 2017b). Because Medicare Part B is significantly cheaper than private insurance,
nearly every older adult who is enrolled in Part A is also enrolled in Part B (SSA, 2016).
Collectively, Medicare Parts A and B are known as original Medicare, which represents a FFS
model of care (SSA, 2016). Thus, original Medicare recipients have more flexibility in choosing
their physician or hospital compared to managed care.
Medicare Parts C and D are additional avenues for private insurance companies to
provide coverage for services not covered by original Medicare (SSA, 2016). Part D plans offer
prescription drug coverage through private insurance companies (SSA, 2016). Through contracts
with CMS, Medicare Part C, also known as Medicare Advantage, allows private insurance
companies to provide managed care plans that not only provide coverage for original Medicare
services, but may also cover other services which are not covered by original Medicare such as
vision, dental, and prescription drugs (SSA, 2016). Premiums and deductibles for Part C and D
Medicare plans vary widely by state and services covered (CMS, 2017b). Finally, private
insurance companies may also offer Medicare supplemental insurance, or Medigap, which
covers fees like copayments, coinsurance, and deductibles for original Medicare plans (CMS,
2017c). Medigap plans may not be used in conjunction with Part C plans and may no longer
cover prescription drugs since the introduction of Part D (CMS, 2017c).
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In 2015, approximately 290 million Americans were covered by some type of health
insurance plan, representing almost 91% of the total population (Barnett & Vornovitsky, 2016).
This coverage rate was a significant improvement over the 2013 and 2014 rates of 86.7% and
89.6%, respectively (Barnett & Vornovitsky, 2016). The majority of Americans (55.7%) were
insured through a private, employer-based plan in 2015, while 16.3% were insured through
Medicare (Barnett & Vornovitsky, 2016). Nearly 100% of children under 19 and adults 65 and
over had some type of health insurance coverage in 2015 (95% and 99%, respectively), while
working age adults 19 to 64 had significantly lower coverage rates (87.4%; Barnett &
Vornovitsky, 2016). Barnett and Vornovitsky (2016) reported that almost 94% of older adults
were covered by a government health insurance plan (Medicare, Medicaid, or Veterans
Administration). Of that 94% of older adults covered by a government insurance plan, almost all
of those individuals were covered by Medicare (Administration on Aging, 2015). At the same
time, about 53% of older adults had private insurance coverage either alone or in addition to
Medicare (Administration on Aging, 2015).
Operationalization of Variables
The following is a list of operational definitions for each variable in the study. Further
detailed measurement descriptions such as specific survey questions, valid answers, and valid
score ranges are provided in the measures subsection under the main methods section. All
variables were measured via self-report. The study’s main independent variables were
operationalized as follows: (a) age—years; (b) sex—self-identified biological sex; (c)
race/ethnicity—self-identified race/ethnicity; (d) marital status—current status; (e) living
situation—whether living alone; (f) education—years of education; (g) income—U.S. dollars; (h)
assets—value of assets in U.S. dollars; (i) geographic region—Census region; (j) insurance
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type—self-reported insurance coverage; (k) mobility—total number of mobility difficulties; (l)
activities of daily living (ADL) score—total number of ADL difficulties; (m) instrumental
activities of daily living (IADL) score—total number of IADL difficulties; (n) body mass index
(BMI)—weight and height (lb/in2 x 703); (o) depressive symptoms—total number of symptoms;
and (p) chronic conditions—presence of arthritis, cancer, diabetes, hypertension, heart disease,
lung disease, psychiatric problems, or stroke.
HCU was operationalized as follows: (a) hospitalization—number of nights in hospital;
(b) nursing home—number of nights in nursing home; (c) doctor visits—number of doctor visits;
(d) home health—ever used home health; (e) outpatient surgery—ever had outpatient surgery;
and (f) prescription drugs—regularly takes prescription drugs (currently). Health behaviors were
operationalized as follows: (a) physical activity—whether respondent participated in regular (two
or more days per week) mild, moderate, or vigorous activity (each separately); (b) cholesterol
screening—ever had screening; (c) flu vaccine—ever had vaccination; (d) drinking—number of
alcoholic drinks per day; and (e) smoking—whether respondent is a current smoker.
Disparities in HCU and Health Behaviors
In a 2003 report, the CDC identified 20 distinct factors affecting HCU in a broad
population (Bernstein et al., 2003). The report focused more on macro-level factors and
identified, among other, the following factors as decreasing HCU: decreased numbers of
providers, advances in treatment, cost cutting policies implemented by insurance payers, and
increased prevention initiatives. Some identified factors that may increase HCU are population
aging, new diseases, and health insurance coverage expansion (Bernstein et al., 2003). Other
studies, as is the focus of the study, have explored factors affecting individual HCU. These
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factors can result in disparate health outcomes, HCU, and health behaviors among different
social and economic groups.
In the literature, the biggest topics in health disparities research regarding surround
race/ethnicity and health insurance coverage. Broadly, these studies and government reports have
consistently shown that racial and ethnic minority individuals not only have worse access to care
but also worse quality care compared to White individuals (Adler & Rehkopf, 2008; AHRQ,
2015; Ubri & Artiga, 2016). For example, Black (11%) and Hispanic (21%) individuals had a
higher uninsured rate compared to White (7%) individuals in 2015 (Ubri & Artiga, 2016).
Despite the clear disparities, the 2014 and 2015 insurance gaps among Hispanic, Black, and
White individuals significantly narrowed since 2011-2013, a change at least partially attributable
to major portions of the Affordable Care Act going into effect in 2014 (Chen, VargasBustamante, Mortensen, & Ortega, 2016; Ubri & Artiga, 2016). Additionally, Black and
Hispanic adults 18 to 64 with private insurance are significantly less likely to have a usual source
of care or a regular doctor compared to White individuals with private insurance (Artiga, Young,
Garfield, & Majerol, 2015). Privately insured Hispanic adults 18 to 64 are also less likely to have
used any medical services or to have had a checkup in 2014 (Artiga et al., 2015). Smedley, Stith,
and Nelson (2003) attributed racial disparities in healthcare to a multitude of issues including
historical segregation of healthcare facilities, discrimination, and care recipient mistrust among
others.
In addition to previous research on health disparities in utilization and additional research
has been conducted regarding health behaviors. While some health behaviors research has
focused on race and ethnicity, the bulk of health behaviors disparities research has heavily
explored the effect of SES on health behaviors. Studies have linked lower SES to higher
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prevalence of smoking and obesity, lower prevalence of exercise, and poorer diet (Hanson &
Chen, 2007; Nandi, Glymour, & Subramanian, 2014; Pampel, Krueger, & Denney, 2010). For
example, when controlling for demographic (e.g., age, gender, race, etc.) and other
socioeconomic factors (education, employment status, and housing type), individuals in the
lowest income quartile had 1.5 times higher odds of being current smokers and 1.9 times higher
odds of being physically inactive in 2006 (Pampel et al., 2010). Although the full range of causal
factors affecting negative health behaviors is unknown, Pampel et al. (2010) suggested several
possible broad domains such as inequality, personality traits (e.g., low self-control), lack of
education regarding healthy behaviors, lack of self-efficacy, lack of access to health
programming, and lack of social or community support. Regardless, negative health behaviors
have been linked to poor health outcomes and increased mortality (Ford, Bergmann, Boeing, Li,
& Capewell, 2012; Nandi et al., 2014).
Despite acknowledgment by the CDC (2003) of age as an important factor affecting HCU
and disparate HCU statistics across age groups, relatively few studies have examined disparities
among older adults in relation to health insurance. For older adults, one of the major pathways to
disparate HCU, health behaviors, and health outcomes compared to younger individuals is
ageism (Williams, 2007). For example, physicians may subscribe to the idea that senility or
frailty are inevitable consequences of aging, which can delay the identification of treatable or
preventable illness and disease (Williams, 2007). In a similar fashion, physicians may believe
that clinical depression is also a normal consequence of aging or declining functioning, further
contributing to a lack of treatment (Williams, 2007). A study by Fitzpatrick, Powe, Cooper, Ives,
and Robbins (2004) with a sample of 4855 older individuals revealed that the most common
barrier to primary care was the perception that the physician was unresponsive to expressed
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concerns. As a result, older adults can face lack of access to proper care and poorer health
outcomes compared to younger individuals, despite relatively higher health insurance coverage.
Because older individuals seemingly experience lower rates of poverty compared to
younger individuals, older adults are presumed to experience fewer health disparities (Chen,
Diamant, Pourat, & Kagwa-Singer, 2005). Nevertheless, some argue that the official poverty
measure does not adequately reflect true poverty or financial need, as it excludes major
expenditures and cost of living adjustments among other factors (Citro & Michael, 1995). When
adjusted for these factors, the 2015 prevalence of poverty among older adults increases from 9%
to 14%, which is the same as the poverty prevalence of for adults 18-64 (Renwick & Fox, 2016).
This sharp difference has been largely attributed to significantly higher out-of-pocket medical
expenses older adults pay compared to younger individuals (Administration on Aging, 2015). In
2011, older adults paid an average of $1215 out-of-pocket for healthcare compared to $737 for
adults 18 to 64 and $283 for children under 18 (Machlin & Carper, 2014). Additionally, the
proportion of older adults who paid over $2,000 in out-of-pocket medical expenses in 2011
(14.4%) was also larger than the proportion of younger adults (8.5%) and children (3.1%;
Machlin & Carper, 2014). Thus, the true medical and financial needs of older adults may be
masked by official poverty statistics.
Like official poverty statistics, official health insurance coverage statistics may also
disguise the health disparities experienced by older adults despite the near-universal healthcare
coverage provided through Medicare. Previous research (Anderson, Dobkin, & Gross, 2012) has
shown increased HCU for adults who went from being uninsured to insured, but less attention
has been given to assessing disparities among the insured, especially older adults. As Adler and
Newman (2002) noted, economic-related health disparities can still persist among groups who
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have universal healthcare coverage. For example, older Medicare users are less likely to use
preventive health services (flu vaccine, colon cancer screening, and breast cancer screening) if
they have Medicaid as supplemental insurance as opposed to private supplemental insurance
(Chen et al., 2005). According to Fitzpatrick et al. (2004) older individuals with Medicaid or
with no supplemental insurance (i.e., poorer) were also 30% more likely to report barriers to care
(difficulties with transportation, burdensome medical bills, etc.) compared to those with private
supplemental insurance. Thus, further research into the unique contribution of health insurance in
influencing health utilization and behaviors among older adults is greatly needed.
This dissertation study was based heavily on the work of Dunlop et al. (2002) which used
the 1993 and 1995 waves of Health and Retirement Study data to examine the gender and
racial/ethnic disparities in HCU among adults 70 and older. Using Andersen’s (2008) Behavioral
Model as a framework, Dunlop and colleagues (2002) used logistic regression analyses to
determine the significant factors predicting HCU. They found that African American and
Hispanic men were twice as likely as their White male peers to have not seen a doctor and were
significantly less likely to have had outpatient surgery in the past two years. African American
and Hispanic women were also less likely to have had outpatient surgery in the previous two
years compared to their White, female counterparts. However, one of their most important results
was the effect of insurance coverage on HCU. They found that individuals with only Medicare as
their health insurance were significantly less likely to have visited a doctor or used home health
care compared to those with Medicare and other supplemental insurance. The findings indicate
that there may be a main effect of health insurance type on HCU among older adults even when
controlling for other demographic and health factors.
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Since the 2002 Dunlop et al. study few studies have been conducted to fill the literature
gap in specifically exploring health insurance type as an important factor in predicting HCU or
health behaviors among older adults. Dave and Kaestner (2009) examined the effect of receiving
Medicare on smoking, drinking, exercise, doctor visits, and hospitalization among a sample of
individuals who had been previously uninsured. They hypothesized using economic theory that
the impending receipt of Medicare would increase smoking and drinking by reducing the
financial and health consequences of illness (i.e., ex ante moral hazard). Put simply, the authors
argued that insured individuals are more likely to engage in risky health behaviors because
insurance will at least partially mitigate the negative consequences of those behaviors. They
found that previously uninsured men who became insured by Medicare at 65 saw a 40% decrease
in the probability of participating in vigorous exercise, a 23% increase in cigarette consumption,
and 32% increase in the probability of alcohol use. Dave and Kaestner (2009) found no such
relationship among older women who were previously uninsured. However, the authors also
found that Medicare enrollment was associated with an increase in visits to the doctor, which
should theoretically decrease negative health behaviors. Furthermore, this study did not aim to
differentiate between the effects of different supplemental insurance plans among those with
Medicare. Thus, the evidence regarding health insurance type as a significant predictor of HCU
and health behaviors in older adults is limited. Nonetheless, the following section provides an
overview of Andersen’s (2008) predictive behavioral model of health services use as it pertains
to the study.
Andersen’s Behavioral Model of Health Services Use
Though the study did not intend to directly test Andersen’s (2008) theoretical model, the
model was used as a basis for choosing appropriate independent variables and structuring the
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data analysis. Developed in the 1960s to assist in HCU research at the National Opinion
Research Center, Andersen’s model has since undergone numerous revisions and become one of
the most well-recognized and utilized model of HCU and health behaviors. The 2008 revision as
described below was chosen in the design of the current study. This particular model was chosen
for its specificity in predicting health behaviors and outcomes across a multitude of different
national and international populations ranging from homeless women to immigrants and older
adults (see Babitsch, Gohl, & von Lengerke, 2012; Bradley et al., 2002; Freeborn, Pope,
Mullooly, & McFarland, 1990; Hibbard & Pope, 1986; Miller & Weissert, 2000; Rangel et al.,
2005; Stein, Andersen, & Gelberg, 2007; Wolinsky & Coe, 1984, Wolinsky et al., 1983;
Wolinsky & Johnson, 1991). In particular, an older revision of Andersen’s model was also
utilized in the development of the previous study of HCU among older adults upon which the
current one is heavily based (Dunlop et al., 2002).
Andersen’s (2008) updated theoretical model of HCU (see Figure 1) includes four main
domains: contextual characteristics, individual characteristics, health behaviors, and outcomes.
Contextual characteristics refer to broader, organizational, community, or population
characteristics. Within the contextual domain, Andersen (2008) includes predisposing, enabling,
and need characteristics. Predisposing contextual characteristics broadly refer to the general
demographics, social structure, and beliefs of an organization, community, or country. Enabling
contextual characteristics refer to the policy, financing, and organizational factors which can
hinder or enable someone to access services or change health behaviors. Some examples include
program eligibility policy or number of healthcare facilities in a particular community. The final
type of contextual characteristic refers to those that indicate the level of need for health services
in a population or community, such as population disability rates. The contextual domain most
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directly influences the individual level, though the arrows in Figure 1 also show that contextual
variables may also directly influence health behaviors and outcomes. Because the study used
individual level data, the contextual domain was not included in analyses.

Figure 1. Andersen’s behavioral model of health care utilization. Reprinted from “National
health surveys and the behavioral model of health services use,” by R. M. Andersen, 2008,
Medical Care, 46, p. 651. Copyright 2008 by Lippincott Williams & Wilkins.
Like the contextual domain, the individual characteristics domain also includes
predisposing, enabling, and need characteristics (Andersen, 2008). Predisposing characteristics
refer to individual demographic factors, social structures, and health beliefs that precede illness
and health outcomes. Enabling characteristics are economic and community infrastructure
factors such as transportation, income, and health insurance coverage (Andersen, 2008). Need
characteristics include health status (functioning, illness, and symptoms) as perceived by the
individual and as evaluated by a healthcare professional (Andersen, 2008). Andersen (2008)
further proposed that these individual characteristics directly influence an individual’s HCU
(e.g., outpatient doctor visits, hospitalization, etc.), health behaviors (e.g., exercise, smoking,
etc.), and patient-provider interaction (e.g., quality of communication, patient orders, etc.). HCU,
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health behaviors, and patient-provider interaction then directly affect an individual’s health
outcomes as measured through self-assessed health, consumer satisfaction, and objective health
as evaluated by a professional (Andersen, 2008).
According to the model, HCU and health behaviors as defined in this paper are termed
use of personal health services and personal health practices which fall under the broad health
behaviors domain (Andersen, 2008). However, the literature treats HCU and health behaviors as
two distinct outcomes; therefore, all analyses in this study treated them as two separate concepts.
Thus, applying the theoretical model to the study, more comprehensive forms of health insurance
coverage ought to enable individuals to increase HCU and to increase their participation in health
promoting behaviors. Yet, as discussed in the preceding literature review, the body of empirical
evidence supporting this hypothesis is quite small. Furthermore, a systematic review of 16
studies from 1998 to 2011 utilizing Andersen’s behavioral model showed variation in the
definition of predisposing, enabling, and need characteristics (Babitsch et al., 2012).
Additionally, no single factor or set of factors stood out as having the most influence on HCU or
health behaviors (Babitsch et al., 2012). As a result, the exploratory nature of the study called for
the use of research questions or null hypotheses in lieu of strict directional hypotheses, which are
outlined in the following section. For ease of understandability, research questions are presented.
Purpose and Research Questions
To reiterate, the purpose of the study was to determine the influence of insurance type on
HCU and health behaviors among adults 65 and older. Accordingly, the study aimed to answer
the following research questions:
RQ1. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the number of overnight stays in the hospital for adults 65 and older?
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RQ2. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the number of overnight stays in a nursing home for adults 65 and
older?
RQ3. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the number of doctor visits for adults 65 and older?
RQ4. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the receipt of home health services for adults 65 and older?
RQ5. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the receipt of outpatient surgery for adults 65 and older?
RQ6. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the regular use of prescription drugs for adults 65 and older?
RQ7. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence participation in regular, mild physical activity for adults 65 and older?
RQ8. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence participation in regular, moderate physical activity for adults 65 and
older?
RQ9. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence participation in regular, vigorous physical activity for adults 65 and
older?
RQ10. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the receipt of a cholesterol screening for adults 65 and older?
RQ11. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the receipt of a flu vaccination for adults 65 and older?
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RQ12. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the number of alcoholic drinks per day for adults 65 and older?
RQ13. When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the smoking status for adults 65 and older?
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CHAPTER 3: METHODOLOGY
Design and Sampling
Using Andersen’s (2008) model, the study used a cross-sectional, secondary data analysis
to compare HCU and health behaviors of adults 65 and older (age of Medicare eligibility)
according to insurance type. The sample was obtained from the publicly available, 2014 Wave of
the Health and Retirement Study (HRS), a bi-annual telephone panel survey of 15,000-20,000
noninstitutionalized adults 50 and older in the U.S. (HRS, 2008). The following sampling
information is taken from public documentation (HRS, 2008). The HRS uses multistage area
probability sampling, which consists of four distinct stages. First, survey designers randomly
select a sample of urban, census metropolitan statistical areas (MSAs) and rural, non-MSA
counties. Second, another random sample of area segments (similar to neighborhoods) is taken
from each MSA and non-MSA selected in the first step. Third, eligible households within each
selected area segment is randomly sampled, while the fourth and final stage involves selecting an
age-appropriate survey respondent. To ensure the representativeness of the sample, the HRS also
oversamples African American, Hispanic, and Floridian participants. The overall response rate
for each wave of data is around 80%. Prior to conducting the study, institutional review board
permission was sought and granted under an exempt application due to the use of secondary data
(see Appendix).
Measures
The measures for the independent and dependent variables are described below. The
following subsections discuss the measurement of each variable of Andersen’s (2008) behavioral
model within the HRS survey. For each set of variables, those with responses of don’t know,
refused, or missing were removed from analyses.
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Predisposing Characteristics
Age, sex, race/ethnicity, marital status, and education have been identified as
predisposing characteristics. Age is calculated in years from the respondent’s birthdate. Sex is
measured by the following question: What is (interviewee)’s sex? Possible answers are male and
female. Race/ethnicity is measured by two separate questions: Do you consider yourself
Hispanic or Latino? and What race do you consider yourself to be: White, Black or African
American, American Indian, Alaskan Native, Asian, Native Hawaiian, Pacific Islander, or
something else? For the first question yes and no are possible answers, and for the second
question the HRS collapses responses into White/Caucasian, Black/African American, and other.
Due to the small sample, the other category was collapsed into a single non-White category. The
HRS assigns a marital status to each respondent based on responses to six separate marriage and
relationship questions. Possible martial statuses include married, annulled, separated, divorced,
widowed, never married, and other. Education level is measured by the following question: What
is the highest grade of school or year of college you completed? Each respondent is assigned a
number ranging from 0 indicating no formal education to 17 indicating graduate, professional,
and postgraduate education depending on the highest level of education completed. Age and
education are ratio level variables, while sex, race/ethnicity, and marital status are nominal level
variables.
Enabling Characteristics
Income, assets, geographic region, and insurance type are the four identified enabling
characteristics. Because insurance type is the primary independent variable, it is discussed in a
separate subsection. The HRS calculates household income as a sum of various respondent and
spousal income sources from eight domains: earnings; capital income (rental property,
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businesses, etc.); pensions and annuities; SSDI and SSI; Social Security; unemployment and
worker’s compensation; governmental transfers; and miscellaneous income. Similarly, the HRS
calculates household assets as a sum of the value of various respondent and spousal sources of
wealth in 10 domains: real estate; vehicles; businesses; IRAs; stocks and investments; bank
accounts; government bonds; primary residence; secondary residence; and debt. Both income
and assets are reported in U.S. dollars and measured at the ratio level. Geographical region is
assigned using participant responses to the question, In what city and state is your residence
currently located? Possible geographic regions are based on Census designations: Northeast,
Midwest, South, West, and other. Geographic region is a nominal level variable.
Need Characteristics
Mobility score, ADL score, IADL score, BMI, depression score, and number of chronic
conditions have been identified as need characteristics. A total mobility score is calculated for
each respondent based on the self-reported difficulty in following 10 domains: walking several
blocks; walking one block; sitting for two hours; getting up from sitting for long periods;
climbing one flight of stairs without resting; stooping, kneeling, or crouching; pulling or pushing
large objects; reaching or extending arms above shoulder level; lifting or carrying weights over
10 pounds; and picking up a dime off the table. The generic question in the survey is worded as
such: Because of a health problem do you have any difficulty with [mobility item]? Scores may
range from 0, indicating no mobility difficulties, to 10, indicating self-reported difficulty
performing all 10 tasks. Mobility is a count variable and is therefore treated as a ratio level
variable.
An ADL score is calculated for each respondent based on their reported difficulty with
the following six ADLs: bathing, dressing, eating, bed transfers, toileting, and walking. The
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generic ADL question is formatted as such: Because of a health or memory problem do you have
difficulty with [ADL]? If the respondent answers yes, then follow-up questions regarding the
level of help and equipment used to complete each ADL. For each domain, an individual
reporting at least some difficulty is coded as 1 while those reporting no difficulty is coded as 0.
The values for each ADL domain is then summed for a total ADL score ranging from 0 (no ADL
difficulty) to 6 (at least some difficulty with every ADL). In a similar fashion, an IADL score is
calculated for each respondent based on self-reported difficulty with the following six IADLs:
doing house/yard work, using the phone, managing money, taking medications, shopping for
groceries, and preparing meals. The generic IADL question is formatted as such: Because of a
health or memory problem do you have any difficulty with [IADL]? For each domain, an
individual reporting at least some difficulty is coded as 1 while those reporting no difficulty is
coded as 0. The values for each IADL domain is then summed for a total IADL score ranging
from 0 (no IADL difficulty) to 6 (at least some difficulty with every IADL). Because ADL and
IADL scores are count variables, they are treated as ratio level variables for analyses.
BMI is calculated from each respondent’s weight and height using the standard formula:
lb/in2 x 703 (CDC, 2015a). Weight and height are measured with two questions: About how
much do you weigh? and About how tall are you? The CDC also provides the following
interpretation of BMI scores for adults: less than18.5 is underweight, 18.5 to 24.9 is healthy
weight, 25.0 to 29.9 is overweight, and over 30.0 is obese. BMI is a ratio level variable.
To measure depressive symptoms, the HRS includes a shortened, seven-item version of
the Center for Epidemiological Studies Depression (CES-D) Scale (Steffick, 2000). Respondents
are asked if they have experienced the following symptoms within the past week: feeling
depressed, feeling that everything was an effort, restless sleep, happiness, loneliness, enjoyment
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with life, sadness, and lack of motivation. Similar to ADL and IADL scores, an overall
depression score is calculated from the sum of each item (happiness and enjoyment with life are
reverse-coded) indicating the total number of depressive symptoms reported by the respondent
ranging from zero to seven. Depression score is a count variable which is considered a ratio level
variable.
The chronic conditions category consists of each respondent’s self-reported diagnoses of
the following eight illnesses: arthritis or rheumatism; cancer (except skin cancer); diabetes or
high blood sugar; hypertension; heart attack, heart disease, angina, congestive heart failure, or
other heart problems; chronic lung disease (except asthma); emotional, nervous, or psychiatric
condition; and stroke or transient ischemic attack. Respondents are asked to indicate if they have
ever been diagnosed with each condition, and each diagnosis was treated as a separate variable,
with non-diagnosis being coded 0 and diagnosis coded 1.
Insurance Type
The primary independent variable, insurance type is captured through a series of
questions regarding respondents’ current health insurance enrollment. Based on a similar study
of HCU by Dunlop et al. (2002), insurance type was categorized as follows: Medicare only,
Medicare with supplemental Medicaid, or Medicare with supplemental private or other
government insurance. Due to the extremely small sample size (< 100) the no insurance and
other insurance only category was dropped from the study. As indicated by the Dunlop et al.
(2002) study, the Medicare categories included those individuals who are covered by either Part
A only or by both Part A and Part B, as those covered by Part A only make up an extremely
small proportion of the sample. The level of measurement for insurance type is nominal.
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HCU
HCU in the HRS is measured via questions regarding use of five separate health services
in the two years since the previous interview: hospital stays, nursing home stays, doctor visits,
home healthcare, and outpatient surgery. Respondents are asked In the last two years, have you
had/used [medical service]? Valid responses to each question are yes or no. For hospital and
nursing home stays, respondents are then asked how many nights over the previous two years
they stayed in the hospital or nursing home. For doctor visits, respondents are asked how many
times they visited a doctor over the previous two years. Thus, hospital stays, nursing home stays,
and doctor visits are ratio level variables, while outpatient surgery and home health utilization
are dichotomous, nominal variables. Prescription drug usage is measured by a single question
regarding the respondent’s current medication usage, rather than usage over the previous two
years. The question asks Do you regularly take prescription medications? Interpretation of the
term regularly is left up to the respondent. Valid responses are yes or no, indicating a
dichotomous, nominal level variable.
Health Behaviors
Health behaviors in the HRS are measured via questions regarding respondent behavior
in four separate domains: physical activity, preventive screenings (cholesterol screening and flu
shot), drinking, and smoking. Regarding physical activity, respondents are asked three questions
about their frequency of participating in mild, moderate, and vigorous activity. For mild activity
respondents are asked How often do you take part in sports or activities that are mildly energetic,
such as vacuuming, laundry, home repairs? For moderate activity respondents are asked How
often do you take part in sports or activities that are moderately energetic such as, gardening,
cleaning the car, walking at a moderate pace, dancing, floor or stretching exercises? For vigorous
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activity respondents are asked How often do you take part in sports or activities that are
vigorous, such as running or jogging, swimming, cycling, aerobics or gym workout, tennis, or
digging with a spade or shovel? Valid answers for each question include every day, more than
once a week, once a week, one to three times a month, and hardly ever or never. Because this
study was concerned with regular physical activity, respondents were categorized as being
regularly active for each of the three intensity levels only if they participate in that particular
activity more than once a week. Each of the three physical activity variables is measured at the
dichotomous, nominal level.
General preventive screening questions cover the domains of cholesterol level testing and
flu shot use over the two years the last two since the previous interview. These data are captured
by the following questions: In the last two years, have you had a flu shot? and In the last two
years, have you had a blood test for cholesterol? Valid responses of yes or no indicate a
dichotomous, nominal level of measurement.
Drinking is measured by a series of questions regarding the respondents’ self-reported
frequency and number of drinks per drinking session. The current study explored respondents’
self-reported number of drinks per day over the past three months. The two relevant questions for
this variable are Do you ever drink any alcoholic beverages such as beer, wine, or liquor? and In
the last three months, on the days you drink, about how many drinks do you have? The
theoretical minimum is zero while there is no theoretical maximum. In reality, the largest answer
for number of drinks per day was 18 for the 2014 wave of data. The level of measurement is
ratio.
The HRS also includes a series of questions regarding the past and present smoking
behavior of respondents, though the current study is focused on current behaviors. The relevant
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question asked of respondents is Do you smoke cigarettes now? with valid responses of yes or
no. Smoking is therefore a dichotomous, nominal variable.
Analytic Strategy
Nine of the thirteen outcome variables are dichotomous (yes/no), which indicates that
logistic regression is the appropriate statistical method of analysis for these variables (Pallant,
2010). The variables are outpatient surgery receipt; home health receipt; prescription drug usage;
participation in mild physical activity; participation in moderate physical activity; participation
in vigorous physical activity; cholesterol screening; flu vaccination; and smoking status. The
four ratio level dependent variables (hospital stays, nursing home stays, doctor visits, and
drinking behavior) required a multivariate regression analysis. Each logistic regression model
presented pseudo-R2 and chi-square statistics indicating the overall predictive power of the
model (Pallant, 2010). Each independent variable also had an unstandardized beta coefficient and
an odds ratio (OR) indicating the odds of utilizing a particular health service or engaging in a
particular health behavior when compared to a reference group (Pallant, 2010). For example, for
the sex variable, males were the reference group (coded 0), so an OR of 1.56 for sex in
predicting doctor visits would mean that the odds of women visiting the doctor in the past two
years are 1.56 times higher than the odds for men. An OR of 1.00 would indicate no difference in
odds, while an OR of less than 1.00 would indicate that women had lower odds of visiting the
doctor compared to men. The significance level of the OR for insurance type determined whether
it is a significant predictor of health outcomes after first controlling for all other predisposing,
enabling, and need factors.
The multivariate regression models used the same modeling scheme as the logistic
regression models, though the resulting test statistics were different. Standard regressions present
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R2, F, unstandardized beta coefficients, t-statistics, and standardized beta coefficients (Pallant,
2010). The R2 and F indicate the overall predictive power and statistical significance of each
model while the beta coefficients indicate the predictive power of each individual variable
(Pallant, 2010). Unstandardized betas represent the change in the dependent variable when the
independent variable is increased by one (Pallant, 2010). For example, an unstandardized beta of
-0.4 for the age variable when predicting drinking behavior indicates that respondents drink 0.4
fewer drinks per day for every year of age. Standardized beta coefficients standardize each
variable to the same scale, which allows for comparison of predictive power across variables
(Pallant, 2010). As is standard in social work and social science research, the significance
threshold for all models was p < .05.
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CHAPTER 4: RESULTS
Descriptive Statistics
The final sample size for the study was 9091 adults 65 and older. The following
individuals were excluded from the sample: those with no insurance, those with other insurance
but not Medicare, and those under 65. Those with no or only other insurance were dropped due
to their extremely small sample size, while those under 65 were dropped for their general
ineligibility for Medicare. Unless indicated otherwise, the following reported statistics are
weighted. Tables 1 and 2 report the weighted and unweighted frequencies, percentages, means,
and standard deviations for each independent and dependent variable included in the study.
Dependent Variables
Between 2012 and 2014, participants reported an average of 2.12 (SD = 8.38) nights
spent in the hospital, 0.97 (SD = 12.55) nights spent in a nursing facility, and 10.39 (SD = 18.69)
visits to a primary care physician (Table 2). Unweighted nights spent in a nursing facility were
much higher and had much wider spread (M = 11.49, SD = 101.16) because the HRS gives
institutionalized individuals a zero weight, as the survey is representative of the
noninstitutionalized older adult population. As indicated by this large change in mean and
standard deviation, weighting the data was particularly important prior to conducting analyses in
order to draw conclusions about the appropriate population of older adults. Relatively few
individuals reported utilizing home health (10.5%) or outpatient surgery services (22.6%) in the
two years preceding the survey, while the vast majority reported regularly using prescription
drugs (89.9%; Table 1).
In terms of health behaviors, nearly half of the sample reported regular (more than one
day a week), mild (49.4%) or moderate (46.4%) levels of physical activity. Considerably fewer
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individuals reported that they participated in regular, vigorous physical activity (23.6%). Large
majorities of the sample reported having gotten a cholesterol test (86.0%) or flu vaccine (71.6%)
in the four years preceding the survey. Few respondents (8.2%) reported that they were a current
smoker, and the average number of daily alcoholic drinks was relatively low (M = 0.66, SD =
1.14).
Independent Variables
The majority (57.5%) of the sample reported health insurance coverage by both Medicare
and some other, non-Medicaid insurance (e.g., private, CHAMPUS, etc.), while a significant
portion (35.8%) were covered by Medicare (Part A, Part B, or both) only. Only 6.8% of the
sample indicated that they were covered by both Medicare and Medicaid. Regarding the control
variables, the majority of the studied sample identified as non-Hispanic (93.0%), White (88.2%),
female (55.7%), married (57.6%), and not living alone (83.8%). A plurality (39.8%) of survey
participants resided in the Southern U.S., with nearly a quarter (24.5%) living in the Midwest
and the remainder split relatively evenly between the West (18.2%) and Northeast (15.8%). A
solid majority of participants reported a diagnosis of arthritis (68.9%) or hypertension (67.8%),
while significant proportions of participants reported diagnoses of heart disease (32.4%),
diabetes (25.8%), or cancer other than skin cancer (21.3%). Smaller proportions of survey
participants reported diagnoses of lung disease (11.5%), psychiatric or emotional problems
(17.6%), or stroke (8.7%).
The average study participant was 74.40 years old (SD = 7.47) with 13.00 years of
education (SD = 3.04) and an overweight BMI (M = 27.96, SD = 5.68; Table 3). Participants
reported relatively few difficulties with mobility (M = 2.74, SD = 2.78), ADLs (M = 0.43, SD =
1.10), and IADLs (M = 0.63, SD = 1.21) and few depression symptoms (M = 1.33, SD = 1.84).
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Finally, the average log10-transformed household income and assets reported by survey
respondents was 4.62 (SD = 0.47) and 6.51 (SD = 0.10), or $69,259.29 (SD = $113,830) and
$626,221.44 (SD = $1,377,641.51), respectively. The median income and assets for the sample
were $42,663.05 and $251,000.00, respectively.
Table 1
Nonparametric Descriptive Statistics

n

Unweighted
%
12.5
21.1
91.4
45.1
42.2
21.5
85.6
72.6
7.4
Unweighted
%

Weighted
%
10.5
22.6
89.9
49.4
46.4
23.6
86.0
71.6
8.2
Weighted
%

3386
793
4912
5344
802
1672
4954
2519

37.2
8.7
54.0
58.8
8.8
18.4
54.5
27.7

35.8
6.8
57.5
55.7
7.0
12.8
57.6
27.2

1657
2228
3910
1277

18.2
24.5
43.0
14.0

19.8
24.5
39.8
15.8

6425
1955
2522
6417
3060
1096
1556
948

70.7
21.5
27.7
70.6
33.7
12.1
17.1
10.4

68.9
21.3
25.8
67.8
32.4
11.5
17.6
8.7

Dependent Variables
Home Health
Outpatient Surgery
Regular Prescription Drug Usage
Regular Mild Activity
Regular Moderate Activity
Regular Vigorous Activity
Cholesterol Test
Flu Vaccine
Current Smoker

n
1134
1919
8305
4096
3832
1958
7780
6598
675

Independent Variables
Insurance Type
Medicare Only
Medicare + Medicaid
Medicare + Other
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Geographic Region
West
Midwest
South
Northeast
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
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Table 2
Parametric Descriptive Statistics
Dependent Variables
Overnight Hospital Stays
Overnight Nursing Home Stays
Doctor Visits
Alcoholic Drinks Per Day
Independent Variables
Age
Years of Education
Log10(Income+1)
Log10(Assets+Minimum+1)
Mobility Score
ADL Score
IADL Score
BMI
Depression Score

Unweighted
M
SD
2.41
11.50
11.49
101.16
10.39
20.69
0.56
1.05
Unweighted
M
SD
76.08
7.40
12.64
3.14
4.57
0.47
6.50
0.09
3.09
2.92
0.58
1.33
0.83
1.46
27.79
5.71
1.33
1.87

M
2.12
0.97
10.03
0.66
M
74.40
13.00
4.62
6.51
2.74
0.43
0.63
27.96
1.27

Weighted
SD
SEM
8.38
0.11
12.55
0.12
18.69
0.25
1.14
0.02
Weighted
SD
SEM
7.47
0.16
3.04
0.09
0.47
0.01
0.10
0.01
2.78
0.04
1.10
0.02
1.21
0.02
5.68
0.09
1.84
0.03

Analytic Results
Model summary statistics. For each of the 13 multiple regression or logistic regression
model, Table 3 presents model summary statistics indicating the percentage of variance
explained and overall model significance indicating whether at least one predictor was
statistically significant. Across each analysis the following categories chosen as reference
groups: male, White race, not married, not living alone, Northeast region, and no diagnosis of
each of the eight chronic conditions. All 13 models were statistically significant at the p < .001
level overall; however, due to the large number of predictors in each model, these statistics are
less substantively significant than if the models had contained fewer independent variables.
Variance explained for each model varied widely. For example, the logistic regression model for
regular prescription drug usage showed excellent fit, pseudo-R2 = 0.40, χ2(27) = 985.18, p <
.001, while the multiple regression model for overnight nursing home stays indicated poor fit, R2
= 0.01, F(27, 29) = 985.18, p < .001. Additionally, the model seemed to better predict health
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behavior outcomes more consistently than HCU. However, strong caution should be taken when
interpreting and comparing pseudo-R2 to R2 statistics as they are not directly analogous.
Table 3
Model Summary Statistics
HCU
Hospital Stays
Nursing Home Stays
Doctor Visits
Home Health
Outpatient Surgery
Regular Rx Usage
Health Behaviors
Mild Activity
Moderate Activity
Vigorous Activity
Cholesterol Test
Flu Vaccine
Alcoholic Drinks/Day
Current Smoker
***p < .001

Nagelkerke R2

McFadden R2

Wald χ2

R2

Wald F

0.19
0.04
0.40

0.14
0.03
0.32

1787.27***
548.97***
985.18***

0.06
0.01
0.06
-

20.32***
10.56***
12.21***
-

0.22
0.21
0.16
0.13
0.12
0.21

0.13
0.13
0.10
0.10
0.07
0.17

2023.78***
1533.75***
1135.27***
769.65***
1126.94***
1237.58***

0.10
-

28.74***
-

HCU models. Results of the six HCU models (three multiple regression and three
logistic regression) are presented in Tables 4 through 9. For the model of overnight hospital
stays, the multiple regression analysis indicated that need characteristics were almost exclusively
statistically significant predictors, while the main independent variable, insurance type, was not
significantly associated with a change in the number of nights spent overnight in a hospital
(Table 4). Predicted values of the number of nights spent in the hospital, as well as the other
three multiple regression models, are presented for each insurance type in Figures 2 through 4.
The only significant predictor outside of need characteristics was log10-transformed assets, t(55)
= -2.51, p < .05, with results showing that for every one-point increase in log-assets, the number
of nights spent in the hospital decreased by 0.80 days. In real dollars, a one-point increase in logassets corresponds to a tenfold increase (e.g., increase from $10,000 to $100,000).
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In terms of the 13 need characteristics, 7—mobility score, ADL score, BMI, and
diagnoses of cancer, diabetes, heart disease, and psychiatric problems—were statistically
significantly predictors of hospital stays. Of these seven variables, heart disease diagnosis, t(55)
= 4.81, p < .001, mobility score, t(55) = 4.22, p < .001, and cancer diagnosis, t(55) = 3.61, p <
.01, were the three strongest predictors of hospital stays. Diagnoses of heart disease or cancer
were associated with 1.38 and 1.47 day increases, respectively, in the number of nights spent in
the hospital for respondents. BMI, t(55) = -2.37, p < .05, and a diagnosis of psychiatric problems,
t(55) = -2.17, p < .05, were the only two need characteristics which negatively predicted hospital
stays. A one-point increase in BMI was associated with a 0.07 decrease in the number of nights
spent in the hospital for survey respondents. Thus, an older adult with a BMI of 40.0 (extremely
obese) would, on average, have spent 1.26 fewer days in the hospital compared to an older adult
with a BMI of 22.0 (normal), holding all other variables constant. Similarly, individuals
diagnosed with a psychiatric problem spent about a half a day less in the hospital compared to
those without a diagnosis. Finally, increases in ADL difficulties, t(55) = 2.79, p < .01, and a
diagnosis of diabetes, t(55) = 2.76, p < .01 were both predictive of increased nights spent at a
hospital. All else being equal, a respondent who had difficulties in every mobility domain (score
of 10) would have spent about three more days in the hospital compared to individuals with no
mobility difficulties (score of 0). Respondents with diabetes spent about 0.66 more nights in the
hospital compared to those without, all else held constant.

42

Table 4
Predictors of Hospital Stays
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.

43

B

SE

t

0.59
0.36

0.57
0.21

1.03
1.71

-0.02
-0.35
0.10
0.09
-0.12
0.12
0.05

0.02
0.25
0.34
0.25
0.20
0.32
0.04

-1.11
-1.41
0.30
0.37
-0.60
0.38
1.20

0.28
-0.80

0.25
0.32

1.10
-2.51*

-0.70
-0.25
-0.76

0.48
0.52
0.51

-1.44
-0.48
-1.49

0.31
0.83
0.31
-0.07
-0.09

0.07
0.30
0.18
0.03
0.08

4.22***
2.79**
1.66
-2.37*
-1.07

-0.12
1.47
0.66
0.05
1.38
0.76
-0.51
0.38

0.20
0.41
0.24
0.28
0.29
0.42
0.23
0.35

-0.60
3.61**
2.76**
0.16
4.81***
1.81
-2.17*
1.07

Figure 2. Mean predicted values of multiple regression models by Medicaid status.

Figure 3. Mean predicted values of multiple regression models by other insurance status.
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Figure 4. Mean predicted values of multiple regression models by Medicare status.
The model for nursing home stays, as previously noted, was the least well-specified, with
only two predictors reaching statistical significance (Table 5). The main insurance variables were
not statistically significant. Results indicated that non-White race, t(55) = -3.79 , p < .001, and
mobility, t(55) = 2.34, p < .05, were significantly associated with change in the number of nights
spent in a nursing facility. For mobility, each added difficulty was associated with 0.15 more
nights spent in a nursing home. Thus, a person with the maximum number (10) of mobility
difficulties would have spent about 1.5 more nights in a nursing home compared to those with no
mobility difficulties, all else being equal. Conversely, non-White respondents spent
approximately one less night in a nursing home, t(55) = -3.79, p < .001, compared to White
respondents, all else held constant. Predicted values across each category of the main
independent variable, insurance type, are presented above in Figures 2 through 4.
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Table 5
Predictors of Nursing Home Stays
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.

B

SE

t

0.10
0.05

0.61
0.21

0.16
0.24

0.03
-0.40
-1.26
-1.00
-1.22
-0.38
-0.20

0.02
0.46
1.06
0.26
0.92
0.63
0.25

1.21
-0.87
-1.19
-3.79***
-1.32
-0.60
-0.79

0.69
-0.15

1.16
0.40

0.59
-0.38

0.76
0.15
0.05

0.59
0.18
0.12

1.28
0.83
0.44

0.15
0.12
0.42
-0.01
-0.11

0.06
0.30
0.23
0.02
0.11

2.34*
0.41
1.83
-0.37
-1.08

0.05
0.13
0.11
0.12
-0.25
0.39
-0.12
1.86

0.26
0.26
0.30
0.20
0.40
0.50
0.29
1.27

0.20
0.49
0.35
0.60
-0.62
0.77
-0.42
1.47

Unlike the nursing home stays model, the model predicting respondents’ number of
doctor visits contained numerous statistically significant predictors, including one of the main
insurance variables (Table 6). The significant predictors were relatively well-spread between
enabling and need characteristics, although the single significant predisposing characteristic,
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education, was the strongest predictor in the model. In regards to the main insurance variables,
respondents who reported coverage by both Medicare and some non-Medicaid insurance had
about 2.55 more primary care physician visits compared to those who were covered by Medicare
Table 6
Predictors of Doctor Visits
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.

47

B

SE

t

0.09
2.55

1.07
0.49

0.08
5.23***

-0.01
0.61
-0.26
0.51
1.19
0.02
0.43

0.05
0.38
0.95
0.78
0.85
0.74
0.07

-0.13
1.61
-0.28
0.65
1.39
0.03
5.77***

-0.47
1.55

0.42
0.77

-1.13
2.01*

-1.51
-1.93
-0.24

0.61
0.63
0.77

-2.46*
-3.08**
-0.31

0.61
0.95
-0.04
0.04
0.06

0.15
0.78
0.43
0.05
0.15

3.97***
1.23
-0.08
0.81
0.37

1.29
3.55
1.08
0.65
2.17
2.22
3.26
1.44

0.49
0.65
0.57
0.46
0.61
0.96
0.91
0.90

2.66*
5.44***
1.90
1.41
3.58**
2.30*
3.57**
1.59

only, t(55) = 5.23, p < .001. Respondents with both Medicare and Medicaid did not have a
significantly different number of primary care physician visits compared to the Medicare only
group, t(55) = 0.08, p = .936. Education, the strongest predictor, was associated with a 0.43
increase in the number of primary care physician visits for each year of education completed.
Substantively, the average survey respondent who completed 13 years of education reported an
average of 5.59 more doctor visits compared to a respondent with no formal education, while an
individual with the highest educational attainment (17 years) reported 7.31 more doctor visits.
In the enabling characteristics domain, log-assets, West geographic region, and Midwest
geographic region significantly predicted respondents’ number of doctor visits. A one-point
increase in log-assets (tenfold increase in real dollars) was associated with an increase of 1.55
doctor visits, holding all else constant, t(55) = 2.01, p < .05. Individuals who resided in the West
or Midwest had significantly fewer doctor visits compared to those living in the Northeast.
Respondents living in the West had about 1.51 fewer doctor visits compared to those in the
Northeast, all else being equal, t(55) = -2.46, p < .05. In a similar fashion, respondents in the
Midwest had about 1.93 fewer doctor visits compared to those in Northeast, when holding the
control variables constant, t(55) = -3.08, p < .01.
Like several previous models, the logistic regression model predicting dichotomous home
health utilization had statistically significant predictors converging mainly among the need
characteristics (Table 7). Neither of the included insurance categories were significant predictors.
However, two predisposing characteristics, age and Hispanic ethnicity, were associated in
increased odds of using home health. For every one-year increase in age, the odds of utilizing
home health increased by 4%, OR = 1.04, p < .001. For instance, holding all other variables
constant, the odds of a 90-year-old respondent utilizing home health would be 167% (2.67 times)
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higher than the odds of a 65-year-old utilizing home health services. Similarly, Hispanic
respondents had 1.51 times higher odds of using home health services compared to non-Hispanic
respondents, OR = 1.51, p < .05.
Table 7
Predictors of Home Health Utilization
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.
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B

SE

β(OR)

0.18
0.00

0.19
0.10

1.20
1.00

0.04
0.12
0.41
0.11
0.01
0.09
0.03

0.01
0.10
0.19
0.13
0.13
0.13
0.02

1.04***
1.12
1.51*
1.12
1.01
1.10
1.03

0.05
0.18

0.14
0.25

1.05
1.20

-0.28
-0.05
-0.15

0.16
0.17
0.17

0.76
0.95
0.86

0.16
0.19
0.16
0.00
-0.02

0.02
0.05
0.04
0.01
0.03

1.17***
1.21***
1.17***
1.00
0.98

0.14
0.32
0.29
0.03
0.32
0.35
-0.01
0.20

0.10
0.11
0.10
0.14
0.08
0.12
0.12
0.11

1.15
1.38**
1.33**
1.03
1.37***
1.42**
0.99
1.22

Of the 13 need characteristics, 7 were statistically significant, positive predictors of home
health usage. A one-point increase in mobility difficulty score was associated with a 17%
increase in the odds of using home health services. Therefore, an individual with maximum
mobility difficulties (score of 10) would have 581% higher, or 5.81 times the odds, of utilizing
home health compared to those with no mobility difficulties. ADL and IADL difficulty scores
were similarly associated with higher odds of home health utilization. One-point increases in
ADL, OR = 1.21, p < .001, and IADL scores, OR = 1.17, p < .001, were associated with 21%
and 17% increased odds of home health usage, respectively. Thus, a respondent with one ADL or
IADL difficulty (score of 1) would have odds of using home health that are 21% (1.21 times) and
17% (1.17 times) higher, respectively compared to those with no difficulties. Those with the
most severe ADL or IADL difficulties would have odds of using home health services that are
approximately 414% (3.14 times) and 357% (2.57 times) higher, respectively, compared to those
with no difficulties. A cancer, OR = 1.38, p < .01, diabetes, OR = 1.33, p < .01, heart disease,
OR = 1.37, p < .001, or lung disease, OR = 1.42, p < .01, diagnosis were respectively associated
with 38%, 33%, 37%, and 42% increase in odds of home health utilization compared to those
without the diagnosis. Overall, the three strongest predictors of home health usage were, in
descending order, mobility, age, and IADL difficulty score. Mean predicted probabilities for
home health utilization are presented in Figures 5 through 7.
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Figure 5. Mean predicted probabilities of HCU by Medicaid status.
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Figure 6. Mean predicted probabilities of HCU by other insurance status.
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Figure 7. Mean predicted probabilities of HCU by Medicare status.
Results of the outpatient surgery logistic regression model are presented below in Table
8. Like doctor visits, respondents who reported coverage from both Medicare and other nonMedicaid insurance had 35% higher odds, OR = 1.35, p < .001, of using outpatient surgery
services compared to those with only Medicare coverage. In the domain of predisposing
characteristics, age, Hispanic ethnicity, and education were each associated with significant
changes in odds of outpatient surgery usage. Both age, OR = 0.99, p < .05 and Hispanic
ethnicity, OR = 0.71, p < .05, were significant negative predictors of the odds of using outpatient
surgery, with each one-year increase in age corresponding with a 1% decrease and Hispanic
respondents having a roughly 29% decrease. On the other hand, each one-year increase in
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education level was associated with a 5% increase in the odds of using outpatient surgery, OR =
1.05, p < .01.
Table 8
Predictors of Outpatient Surgery Utilization
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.

B

SE

β(OR)

0.07
0.30

0.13
0.08

1.07
1.35***

-0.01
-0.08
-0.35
-0.20
0.12
0.10
0.05

0.00
0.07
0.16
0.12
0.13
0.11
0.02

0.99*
0.92
0.71*
0.82
1.13
1.10
1.05**

0.01
0.23

0.13
0.21

1.01
1.26

-0.02
-0.11
0.03

0.15
0.12
0.12

0.98
0.90
1.03

0.08
-0.04
-0.13
-0.01
-0.01

0.01
0.04
0.04
0.01
0.02

1.08***
0.96
0.88**
0.99
0.99

0.19
0.34
-0.02
0.11
0.07
0.10
0.15
-0.05

0.09
0.08
0.07
0.08
0.07
0.10
0.10
0.14

1.21*
1.40***
0.98
1.12
1.07
1.10
1.17
0.95

In terms of need characteristics, mobility score, IADL score, and diagnoses of arthritis
and cancer were significantly associated with changes in the odds of using outpatient surgery
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services. While each one-point increase in mobility difficulty score was associated with an 8%
increase in odds, OR = 1.08, p < .001, each one-point increase in IADL difficulty score was
associated with a 12% decrease in odds, OR = 0.88, p < .01. Diagnoses of cancer, OR = 1.40, p
< .001, and arthritis, OR = 1.21, p < .05, were, respectively, associated with 40% and 21%
increases in the odds of using outpatient surgery. Mean predicted probabilities for outpatient
surgery utilization are presented above in Figures 5 through 7.
With the highest R2 value, the prescription drug utilization logistic regression model also
had a relatively high number of statistically significant predictors—13 (Table 9). Regarding the
main insurance variables, respondents who were covered by both Medicare and Medicaid
coverage had odds of regularly using prescription drugs that were 2.15 times the odds, p < .05,
for those covered only by Medicare. Of the predisposing characteristics, age, sex, and marriage
status were each significant at the p < .001 level and positively predictive of regular prescription
drug usage. Each one-year increase in age was associated with a 5% increase in odds of using
prescription medications, while female and married respondents had, respectively, 1.73 times
and 2.06 times the odds of using prescription drugs compared to male and non-married
respondents. Of the enabling characteristics, only the variable for respondents living in the South
was statistically significant, OR = 1.40, p < .05, representing a 40% increase in odds of
prescription drug usage compared to those living in the Northeast.
Eight of the thirteen need characteristics were statistically significant, with all eight
positively predicting prescription medication utilization. Each one-point increase in mobility
score was associated with a 20% increase in odds of using prescription drugs, OR = 1.20, p <
.001, while each one-point increase in BMI was associated with a 4% increase in odds, OR =
1.04, p < .01. Of the chronic conditions, hypertension, OR = 9.67, p < .001, diabetes, OR = 5.37,
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p < .001, and diagnosed heart disease, OR = 5.30, p < .01, were strongly predictive of regular
prescription drug utilization.
Table 9
Predictors of Regular Prescription Drug Usage
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.

B

SE

β(OR)

0.77
0.18

0.38
0.13

2.15*
1.19

0.05
0.55
-0.28
-0.08
0.73
0.39
0.02

0.01
0.11
0.18
0.18
0.18
0.21
0.02

1.05***
1.73***
0.76
0.92
2.06***
1.48
1.02

0.24
0.39

0.13
0.25

1.27
1.47

0.21
0.27
0.34

0.18
0.18
0.16

1.23
1.31
1.40*

0.18
-0.04
-0.08
0.04
-0.01

0.03
0.12
0.07
0.01
0.04

1.20***
0.96
0.93
1.04**
0.99

0.27
0.20
1.68
2.27
1.67
0.80
0.84
0.70

0.11
0.14
0.17
0.14
0.19
0.24
0.26
0.42

1.31*
1.23
5.37***
9.67***
5.30***
2.22**
2.32**
2.02

For example, the OR of 9.67 for hypertension of represents a 867% increase in the odds of using
prescription drugs compared to those without the condition. Additionally, psychiatric problems,
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OR = 2.32, p < .01, lung disease, OR = 2.22, p < .01, and arthritis were moderately predictive.
Overall, the three strongest predictors were hypertension, diabetes, and heart disease. Mean
predicted probabilities for regular prescription drug utilization are presented above in Figures 5
through 7.
Health behavior models. Results from the seven health behavior models (six logistic
regression and one multiple regression) are presented below in Tables 10 through 16. Significant
predictors of regular mild physical activity were heavily clustered in the predisposing and need
characteristics domains, although the variable representing those covered by both Medicare and
Medicaid was significant, OR = 0.70, p < .05 (Table 10). Those who received Medicaid benefits
in addition to Medicare had about 30% lower odds of participating in regular mild activity every
week. Other negative predictors of regular mild activity included age, OR = 0.95, p < .001, nonWhite race, OR = 0.58, p < .001, and living alone, OR = 0.86, p < .05. While age was the
strongest negative predictor of mild activity, female sex was the strongest positive (and strongest
overall) predictor, OR = 2.01, p < .001. The odds of women participating in regular mild activity
was more than twice that of men. In addition, each year of education was associated with a 6%
increase in odds of participating in mild activity, OR = 1.06, p < .01.
Of the seven significant need characteristics, six were negative predictors of participation
in mild activity, with arthritis being the only positive predictor, OR = 1.32, p < .01. Of the need
characteristics that negatively predicted mild activity, mobility score, OR = 0.89, p < .001, and
IADL score, OR = 0.84, p < .001, were the strongest. Each one-point increase in mobility score
corresponded to an 11% reduction in the odds of participating in mild activity; therefore, an
individual with all 10 mobility difficulties would have about 0.25 times, or a 75% reduction in,
the odds of participating in regular mild activity compared to an individual with no mobility
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difficulties. Additionally, one-point increases in ADL score, OR = 0.89, p < .05, BMI, OR =
0.98, p < .05, and depression score, OR = 0.96, p < .05, were associated with 11%, 2%, and 4%
respective reductions in the odds of participating in mild activity. Finally, a diagnosis of diabetes
resulted in a 20% reduction in the odds of participating in mild activity, OR = 0.80, p < .01.
Table 10
Predictors of Regular Mild Activity
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.
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B

SE

β(OR)

-0.35
0.03

0.13
0.05

0.70*
1.03

-0.05
0.70
0.00
-0.38
0.14
-0.15
0.06

0.01
0.06
0.12
0.10
0.08
0.07
0.02

0.95***
2.01***
1.00
0.68***
1.15
0.86*
1.06**

0.11
0.35

0.10
0.20

1.12
1.41

0.16
-0.10
-0.05

0.10
0.08
0.08

1.18
0.90
0.95

-0.12
-0.11
-0.18
-0.02
-0.04

0.01
0.04
0.04
0.01
0.02

0.89***
0.89*
0.84***
0.98*
0.96*

0.28
-0.04
-0.22
-0.05
0.08
-0.08
-0.01
-0.19

0.08
0.08
0.07
0.07
0.07
0.09
0.08
0.11

1.32**
0.96
0.80**
0.95
1.08
0.92
0.99
0.83

The model for regular moderate physical activity showed some similar results to the mild
activity model, although there were several differences in significant predictors between the two
(Table 11). Similar to the previous model, significant predictors were still skewed toward the
predisposing characteristics and need characteristics domains, but unlike the mild activity model,
two enabling characteristics, assets, OR = 2.30, p < .01, and living in the West region, OR =
1.33, p < .01, were predictive of higher odds of regular moderate activity participation.
Interestingly, receipt of Medicaid coverage in addition to Medicare was positively predictive, OR
= 1.32, p < .05, of participation in regular moderate activity, in direct opposition to the
relationship found with mild activity.
Of the predisposing characteristics, age, like in the mild activity model, was negatively
predictive of participation in moderate activity, OR = 0.97, p < .001, with each one-year increase
in age contributing roughly 3% lower odds of participation. In opposition to the mild activity
model, female sex was negatively associated with participation in moderate activity, OR = 0.86,
p < .05, while living alone was positively associated with participation, OR = 1.35, p < .01.
Women had about 24% lower odds of regular moderate physical activity compared to men, while
those living alone had 35% higher odds compared to those living with others. The effect of
education on odds of moderate activity participation was quite similar to the effects on mild
activity, with each year of education completed corresponding to roughly 8% higher odds of
participating in moderate activity, OR = 1.08, p < .001. Contrary to the previous model, nonWhite race was not statistically significant.
Fewer need characteristics were associated with changes in the odds of moderate activity
participation compared to mild activity. Like the previous model, mobility score, BMI, and
diabetes were each negatively associated with regular moderate physical activity. For each one-
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point increase in mobility score, the odds of participating in moderate activity went down by
roughly 17%.
Table 11
Predictors of Regular Moderate Activity
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.

B

SE

β(OR)

0.28
-0.01

0.13
0.06

1.32*
0.99

-0.03
-0.15
0.14
-0.11
-0.09
0.30
0.08

0.00
0.06
0.12
0.08
0.11
0.10
0.01

0.97***
0.86*
1.15
0.90
0.92
1.35**
1.08***

0.21
0.83

0.11
0.24

1.23
2.30**

0.28
-0.03
0.02

0.09
0.08
0.08

1.33**
0.97
1.02

-0.19
-0.07
-0.05
-0.04
-0.03

0.02
0.05
0.04
0.01
0.02

0.83***
0.93
0.95
0.96***
0.97

0.14
-0.04
-0.26
-0.06
0.06
-0.19
-0.07
-0.15

0.05
0.07
0.08
0.07
0.06
0.08
0.09
0.12

1.15*
0.96
0.77**
0.94
1.07
0.82*
0.93
0.86

Thus, an individual with a 10 on the mobility difficulty scale would have 0.16 times the odds
(84% lower) of participating in moderate activity compared to an individual with a 0 score.
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Similar to the mild activity model, a one-point increase in BMI was associated with a 4%
decrease in odds of regular moderate activity participation, OR = 0.96, p < .001, while diabetes
was associated with 23% decrease, OR = 0.77, p < .01. Once again, a diagnosis of arthritis was
positively predictive of participation in moderate activity, OR = 1.15, p < .05, while
ADL, IADL, and depression scores were not statistically significant. Finally, a diagnosis of lung
disease was associated with an 18% decrease in odds of moderate activity participation
compared to those without the diagnosis, OR = 0.82, p < .05.
In contrast to the other physical activity models, health insurance type was not a
significant predictor of participation in regular vigorous activity (Table 12). Across all three
physical activity models, age was a significant negative predictor (Tables 10-12). In the vigorous
activity model, a one-year increase in age was associated with a 1% decrease in the odds of
participation, OR = 0.99, p < .01. The odds of participating in vigorous activity were greatly
reduced among women compared to men, OR = 0.67, p < .001, with women experiencing a 33%
reduction in odds of participating. As with moderate activity, living alone, OR = 1.32, p < .05,
and increased educational attainment, OR = 1.06, p < .001, were associated with increased odds
of participating in regular vigorous activity.
Three enabling characteristics were statistically significant positive predictors of
participation in vigorous activity. Assets, OR = 2.72, p < .001, and living in the West region, OR
= 1.27, p < .05, were associated with increased odds of participation. Every tenfold increase in
assets, i.e., one-point log-assets increase, resulted in 2.7 times higher odds of vigorous activity
participation. Additionally, those living in the South were found to also have higher odds of
regular, vigorous physical activity participation, OR = 1.20, p < .05.
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Table 12
Predictors of Regular Vigorous Activity
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001

B

SE

β(OR)

-0.09
-0.04

0.16
0.07

0.91
0.96

-0.01
-0.39
0.18
0.03
0.08
0.28
0.05

0.01
0.07
0.14
0.08
0.10
0.10
0.01

0.99**
0.67***
1.19
1.03
1.09
1.32*
1.06***

-0.04
1.00

0.08
0.18

0.96
2.72***

0.24
0.08
0.18

0.11
0.08
0.09

1.27*
1.08
1.20*

-0.19
-0.02
-0.02
-0.03
-0.04

0.02
0.05
0.04
0.01
0.02

0.83***
0.98
0.98
0.97**
0.96*

0.07
0.02
-0.09
-0.24
0.05
-0.28
-0.10
-0.33

0.08
0.08
0.09
0.09
0.08
0.12
0.09
0.16

1.07
1.02
0.92
0.79*
1.05
0.76*
0.90
0.72*

Each of the six statistically significant independent variables in the vigorous activity
model were negatively predictive. As with the previous two physical activity models, mobility
score was strongly associated with decreased odds of vigorous activity participation. Every onepoint increase in score contributed to a 17% decrease in odds, OR = 0.83, p < .001. BMI, OR =
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0.97, p < .01, as well as depression score, OR = .96, p < .05, showed similar decreases in odds of
participating in vigorous activities for each one-point increase. Three chronic conditions,
hypertension, OR = 0.79, p < .05, lung disease, OR = 0.76, p < .05, and stroke, OR = 0.72, p <
.05, also showed similar reductions in odds of participation. The sample’s mean predicted
probabilities of participating in the three levels of activity across the three categories of insurance
type are presented in Figures 8 through 10 below.

Figure 8. Mean predicted probabilities of physical activity by Medicaid status.
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Figure 9. Mean predicted probabilities of physical activity by other insurance status.
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Figure 10. Mean predicted probabilities of physical activity by Medicare status.
Of the 12 statistically significant predictors of cholesterol test utilization, 11 were
positive predictors (Table 13). One such positive predictor was insurance coverage by both
Medicare and other, non-Medicaid insurance, OR = 1.57, p < .001. For these individuals, the
model showed that they had odds of having gotten a cholesterol test that were 1.57 times the
odds of those with only Medicare coverage. In addition, women, OR = 1.27, p < .05, married
individuals, OR = 1.35, p < .05, and those living alone, OR = 1.41, p < .05, also had significantly
higher odds of having gotten their cholesterol levels tested. Women, married individuals, and
those living alone respectively had 27%, 35%, and 41% higher than men, non-married, and those
not living alone. Log10-transformed income, unlike all of the previous predictive models, is a
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strongly positive predictor of cholesterol test usage, OR = 1.79, p < .001. Interpretation of the
OR indicates that for every tenfold increase in income (e.g, $10,000 to $100,000), the odds of
having gotten a cholesterol test went up by about 79%.
Table 13
Predictors of Cholesterol Test Utilization
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.
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B

SE

β(OR)

0.35
0.45

0.18
0.08

1.43
1.57***

0.00
0.24
0.05
-0.28
0.30
0.34
0.03

0.01
0.12
0.21
0.14
0.12
0.15
0.02

1.00
1.27*
1.05
0.76
1.35*
1.41*
1.03

0.58
0.64

0.12
0.35

1.79***
1.90

0.00
-0.19
-0.12

0.14
0.13
0.14

1.00
0.83
0.89

-0.01
-0.04
-0.13
0.04
-0.01

0.03
0.07
0.06
0.01
0.03

0.99
0.96
0.88*
1.04***
0.99

0.39
0.13
0.44
0.83
0.67
0.10
0.38
0.12

0.10
0.14
0.10
0.10
0.12
0.14
0.17
0.19

1.48***
1.14
1.55***
2.29***
1.95***
1.10
1.46*
1.13

Seven of thirteen need characteristics significantly predicted receipt of a cholesterol test
in the past four years. Of these seven, IADL score was the only negative predictor, OR = 0.88, p
< .05, where each extra IADL difficulty contributed about a 12% reduction in odds. Each onepoint increase in BMI, on the other hand, contributed about a 4% increase in odds of having
gotten a cholesterol test. Hypertension, OR = 2.29, p < .001, heart disease, OR = 1.95, p < .001,
diabetes, OR = 1.55, p < .001, arthritis, OR = 1.48, p < .001, and psychiatric problems, OR =
1.46, p < .05, were each positively associated with an increase in odds of having gotten a
cholesterol test. Respondents reporting a diagnosis of hypertension, in particular, had odds of
cholesterol test receipt that were approximately 129% higher (2.29 times) the odds of those
without hypertension. Other chronic conditions, however, such as cancer, lung disease, and
stroke had no significant differences in odds of receiving a cholesterol test compared to their
non-diagnosed counterparts. All in all, hypertension, heart disease, and coverage by Medicare
and other insurance were the three strongest predictors of having received a cholesterol test.
Although getting a cholesterol test or flu vaccine are both considered preventive health
behaviors, the models for each showed some quite dissimilar results in terms of which variables
were statistically significant predictors. Of the 15 significant predictors in the flu vaccine model,
8 (age, non-White race, education, assets, ADL score, depression score, cancer diagnosis, and
lung disease) were not significant in the cholesterol test model (Tables 13 & 14). At the same
time, four variables that were significant in the cholesterol test model (female sex, living alone,
income, IADL score, and BMI) were not significant in the flu vaccine model. However, the
seven coefficients that were statistically significant in both the cholesterol test and flu vaccine
model (other insurance, marriage status, arthritis, diabetes, hypertension, heart disease, and
psychiatric problems) matched in direction.
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Regarding the main IV, individuals with other private, non-Medicaid insurance coverage
in addition to Medicare had significantly higher odds of getting a flu vaccine compared to those
with Medicare only, OR = 1.35, p < .001. Likewise, married individuals, OR = 1.28, p < .05, had
Table 14
Predictors of Flu Vaccine Utilization
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.
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B

SE

β(OR)

0.05
0.30

0.15
0.07

1.05
1.35***

0.06
0.13
0.08
-0.25
0.25
0.17
0.03

0.01
0.08
0.15
0.10
0.10
0.11
0.01

1.06***
1.14
1.08
0.78*
1.28*
1.18
1.03*

-0.02
0.85

0.09
0.20

0.98
2.33***

-0.08
0.00
-0.12

0.13
0.14
0.13

0.92
1.00
0.89

0.01
-0.08
-0.03
0.01
-0.05

0.02
0.04
0.04
0.01
0.02

1.01
0.92*
0.97
1.01
0.95*

0.35
0.23
0.38
0.23
0.47
0.37
0.39
0.19

0.08
0.10
0.09
0.08
0.09
0.10
0.11
0.13

1.42***
1.25*
1.47***
1.26**
1.60***
1.45***
1.48**
1.21

significantly higher odds of receiving a flu vaccine compared to their non-married counterparts.
Also, each year increase in age was associated with a 6% increase in odds of getting a flu
vaccine, OR = 1.06, p < .005, and each year increase in educational attainment was associated
with a 3% increase in odds, OR = 1.03, p < .05. Non-White older adults, on the contrary, had
odds of receiving a flu vaccine that were about 0.78 times that of their White counterparts, OR =
0.78, p < .05. The only significant enabling factor, assets, OR = 2.33, p < .001, was a strong
positive predictor of receipt of a flu vaccine, unlike the cholesterol test model which was
strongly predicted by income.
Nine of thirteen need characteristics were significantly predictive of flu vaccine receipt,
including seven of eight chronic conditions (Table 14). One-point increases in ADL score, OR =
0.92, p < .05, and depression score, OR = 0.95, p < .05, were respectively associated with 8%
and 5% decreases in the odds of having gotten a flu vaccine since the previous two interview
waves. All chronic conditions with the exception of stroke, OR = 1.21, p = .137, were significant
positive predictors of flu vaccine receipt. Of the remaining seven, heart disease, OR = 1.60, p <
.001, diabetes, OR = 1.47, p < .001, and arthritis, OR = 1.42, p < .001, were the three strongest
predictors. In the overall model, age, heart disease, and non-Medicaid insurance coverage were
the strongest predictors. Figures 11 through 13 present the mean predicted probabilities of
receiving a cholesterol test or flu vaccine across all insurance categories.
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Figure 11. Mean predicted probabilities of preventive health behaviors by Medicaid status.
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Figure 12. Mean predicted probabilities of preventive health behaviors by other insurance status.
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Figure 13. Mean predicted probabilities of preventive health behaviors by Medicare status.
Alcohol use was the only health behavior outcome requiring the use of multiple
regression; thus, the sample’s mean predicted values of the outcome across each category of
insurance are presented in Figures 2 through 4 on beginning on page 43. None of the insurance
categories included in the alcohol use model achieved statistical significance. However,
significant predictors were spread fairly evenly across the three groups of variables (Table 15).
Two of the predisposing factors, age, t(55) = -6.59, p < .001, and female sex, t(55) = -9.03, p <
.001, were the two strongest predictors of alcohol use in the overall model. Women drank about
0.45 fewer drinks per day compared to men, and each one-year increase in age was associated
with a decrease of 0.02 drinks per day. In real numbers, a 90-year-old respondent was shown, on
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average, to consume about half a drink less per day compared to 65-year-old respondent, holding
all other variables constant. Non-White individuals were also shown to report significantly less
consumption of alcohol (0.14 fewer drinks per day) compared to White individuals, t(55) = 2.73, p < .01. Meanwhile, increased educational attainment was associated with increased daily
intake of alcoholic drinks, t(55) = 2.28, p < .05. For every year of education, daily alcoholic
drinks rose by 0.01, meaning that an individual with a doctoral or professional degree (17 years
of education) would consume roughly 0.05 more drinks per day compared to a person with a
high school degree and 0.17 more drinks compared to someone with no formal education.
The alcohol consumption model is the only of the 13 in which both income and assets are
significant predictors of the outcome. Each tenfold increase in income was associated with an
increase in intake of 0.15 alcoholic drinks per day, t(55) = 2.98, p < .01, while the same
magnitude of increase in assets was associated with an increase of 0.22 daily drinks, t(55) = 2.52,
p < .05. Conversely, living in the Midwest region of the U.S. was associated with a decrease in
alcohol intake of 0.11 drinks per day.
Seven need characteristics were significantly associated with changes in the number of
alcoholic drinks consumed per day. With the exception of hypertension, t(55) = 3.55, p < .01, all
of these variables contributed to decreased consumption. However, respondents with
hypertension had about 0.13 more drinks per day compared to those without the diagnosis. With
every one-point increase in mobility score, t(55) = -3.95, p < .001, IADL score, t(55) = -2.19, p <
.05, and BMI, t(55) = -3.29, p < .01, daily consumption of alcohol declined by 0.03, 0.05, and
0.01 drinks per day, respectively. Likewise, diagnoses of diabetes, t(55) = -5.18, p < .001, heart
disease, t(55) = -3.47, p < .01, and stroke, t(55) = -2.50, p < .05, were each respectively
associated with 0.18, 0.12, and 0.12 reductions in the number of daily alcoholic drinks.
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Table 15
Predictors of Number of Drinks per Day
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.

B

SE

t

0.09
0.02

0.10
0.04

0.94
0.53

-0.02
-0.45
0.14
-0.14
-0.11
0.00
0.01

0.00
0.05
0.10
0.05
0.06
0.06
0.01

-6.59***
-9.03***
1.32
-2.73**
-1.69
-0.04
2.28*

0.15
0.22

0.05
0.09

2.98**
2.52*

-0.02
-0.11
-0.06

0.05
0.05
0.05

-0.49
-2.05*
-1.15

-0.03
0.01
-0.05
-0.01
0.02

0.01
0.02
0.02
0.00
0.01

-3.95***
0.37
-2.19*
-3.29**
1.56

0.00
-0.02
-0.18
0.13
-0.12
0.10
-0.02
-0.12

0.03
0.04
0.03
0.04
0.03
0.06
0.05
0.05

0.09
-0.47
-5.18***
3.55**
-3.47**
1.76
-0.50
-2.50*

The final analysis modeling smoking behavior showed no significant associations
between insurance type and current smoking status (Table 16). All four of the significant
predisposing factors (age, sex, marriage status, and education) were predictive of lowered odds
of being a current smoker. Each one unit change in the age, OR = 0.89, p < .001, and education
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variables, OR = 0.90, p < .001, were associated with a 10-11% drop in odds of being a smoker.
Women, OR = 0.65, p < .01, and married individuals, OR = 0.44, p < .001, were much less likely
to be a current smoker compared to men and the non-married. Higher income was also related to
Table 16
Predictors of Smoking
Main Independent Variable
Insurance Type
Medicare + Medicaid
Medicare + Other
Predisposing Characteristics
Age
Female
Hispanic Ethnicity
Non-White Race
Married
Living Alone
Years of Education
Enabling Characteristics
Log10(Income+1)
Log10(Assets+Minimum+1)
Geographic Region
West
Midwest
South
Need Characteristics
Mobility Score
ADL Score
IADL Score
BMI
Depression Score
Chronic Conditions
Arthritis
Cancer
Diabetes
Hypertension
Heart Disease
Lung Disease
Psychiatric Problems
Stroke
Note: *p < .05, **p < .01, ***p < .001.
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B

SE

β(OR)

0.14
0.16

0.21
0.10

1.15
1.17

-0.12
-0.43
-0.40
-0.29
-0.82
-0.15
-0.11

0.01
0.13
0.24
0.17
0.15
0.14
0.02

0.89***
0.65**
0.67
0.75
0.44***
0.86
0.90***

-0.32
-1.02

0.13
0.56

0.73*
0.36

-0.23
0.24
-0.07

0.24
0.21
0.17

0.79
1.27
0.93

0.06
-0.23
-0.04
-0.12
0.11

0.03
0.07
0.07
0.01
0.03

1.06*
0.79**
0.96
0.89***
1.11**

-0.29
-0.35
-0.18
0.27
-0.13
0.99
-0.06
0.46

0.13
0.14
0.13
0.11
0.10
0.12
0.15
0.16

0.75*
0.71*
0.83
1.31*
0.88
2.70***
0.94
1.58**

decreased odds of smoking, OR = 0.73, p < .05, with every tenfold increase in income
corresponding to an odds reduction of roughly 27%.
In terms of need variables, both mobility difficulty, OR = 1.06, p < .05, and depression
scores, OR = 1.11, p < .01, were associated with significantly increased odds of being a current
smoker, while increased BMI, OR = 0.89, p < .001, and ADL difficulties, OR = 0.79, p < .01,
were associated with significantly decreased odds. For example, an average respondent with a
BMI of roughly 28 (overweight) would have about half the odds of being a current smoker
compared to an individual with a normal BMI of 22. Diagnoses of arthritis, OR = 0.75, p < .05,
and cancer, OR = 0.71, p < .05, resulted in roughly equal reductions in the odds of being a
current smoker. However, diagnoses of hypertension, OR = 1.31, p < .05, lung disease, OR =
2.70, p < .001, and stroke, OR = 1.58, p < .01, were associated with significant increases in odds
of being a current smoker. Those with lung disease had odds of being a current smoker that were
170% higher than the odds for a person without lung disease. Mean predicted probabilities of
being a current smoker across all three insurance types are presented in Figures 14 through 16
below.
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Figure 14. Mean predicted probabilities of smoking by Medicaid status.
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Figure 15. Mean predicted probabilities of smoking by other insurance status.
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Figure 16. Mean predicted probabilities of smoking by Medicare status
The final table presented below shows the significance level and direction of each
independent variable across all 13 models predicting HCU and health behaviors (Table 17). As is
shown, at least one of the insurance categories was significant across 7 different models.
Individuals with other, non-Medicaid insurance in addition to Medicare were strongly associated
with increased utilization of outpatient doctor visits and surgery as well as preventive health
services such as cholesterol testing and flu vaccinations. On the other hand, those with Medicaid
in addition to Medicare were modestly associated with increased prescription drug utilization and
participation in moderate levels of physical activity but decreased participation in mild levels of
activity.
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Out of all the IVs, mobility score was most often a statistically significant predictor,
achieving significance in 11 of 13 models. Of particular note, increased mobility difficulty was
positively predictive on all six domains of HCU and negatively predictive on all three levels of
physical activity participation. In regards to negative health behaviors, drinking and smoking,
mobility difficulty was negatively predictive of drinking behavior but positively predictive of
smoking behavior. Another notable finding was the relative predictive weakness of predisposing
and enabling characteristics in predicting HCU, in particular. As shown, both predisposing and
enabling factors (including insurance) were relatively successful at predicting health behaviors
but relatively unsuccessful in predicting utilization of many health services. Income and
geographic region were particularly weak in this domain. Moreover, enabling characteristics
reached statistical significance in only 8 of a possible 42 HCU cases (7 variables across 6
outcomes), representing a 19% success rate—the weakest among the three domains of predictors.
Predisposing factors fared only slightly better, with its predictors reaching significance about
24% of the time, or 10 times out of a possible 42 (7 variables across 6 outcomes).
Need characteristics, on the whole, were much more successful in predicting HCU
compared to predisposing and enabling characteristics, with predictors reaching significance
about 41% of the time, or in 32 of a possible 78 cases (13 variables across 6 outcomes). Of
further note, need characteristics positively predicted utilization of healthcare services when
coefficients reached statistical significance with few exceptions. These exceptions were
depression and psychiatric problems having negative associations with the number of nights an
individual stayed in the hospital and IADL score being negatively associated with outpatient
surgery use. In general, need characteristics were also typically associated with decreased
physical activity, with the exception of arthritis, which was associated with increased physical
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activity. Those with at least one chronic condition other than stroke were more likely than those
without to have received preventive health services.
Overall, both predisposing characteristics and need characteristics did a good job of
predicting health behaviors, with variables reaching significance in roughly 55-57% of the time.
Need characteristics were significant in 50 of 91 possible cases (13 variables across 7 outcomes),
while predisposing characteristics were significant in 28 of 49 possible cases (7 variables across
7 outcomes). The three predisposing factors with the most frequent statistical success were age,
education, and sex, with each achieving significance in over half of the 13 models of HCU and
health behavior. Enabling characteristics were a fair bit less successful in achieving statistical
significance, with success occurring in 15 of 49 cases (7 variables across 7 outcomes) or about
31% of the time. Combined with the low success rate in predicting HCU, enabling characteristics
were, on the whole, the weakest set of variables in terms of predictive power.
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Table 17
Coefficient Significance Level by Model
HCU
Health Behaviors
Hospital NH
PCP HH
Surgery Rx
Mild Mod. Vig. Chol. Flu
Drink Smoke
Medicaid
ns
ns
ns
ns
ns
+*
-*
+*
ns
ns
ns
ns
ns
Other Insurance ns
ns
+*** ns
+***
ns
ns
ns
ns
+*** +*** ns
ns
Age
ns
ns
ns
+*** -*
+***
-*** -*** -**
ns
+*** -***
-***
Female
ns
ns
ns
ns
ns
+***
+*** -*
-*** +*
ns
-***
-**
Hispanic
ns
ns
ns
+*
-*
ns
ns
ns
ns
ns
ns
ns
ns
Non-White
ns
-*** ns
ns
ns
ns
-*** ns
ns
ns
-*
-***
ns
Married
ns
ns
ns
ns
ns
+***
ns
ns
ns
+*
+*
ns
-***
Living Alone
ns
ns
ns
ns
ns
ns
-*
+**
+*
+*
ns
ns
ns
Education
ns
ns
+*** ns
+**
ns
+**
+*** +*** ns
+*
+*
-***
Log10(Income)
ns
ns
ns
ns
ns
ns
ns
ns
ns
+*** ns
+**
-*
Log10(Assets)
-*
ns
+*
ns
ns
ns
ns
+*** +*** ns
+*** +*
ns
West
ns
ns
-*
ns
ns
ns
ns
+**
+*
ns
ns
ns
ns
Midwest
ns
ns
-**
ns
ns
ns
ns
ns
ns
ns
ns
-*
ns
South
ns
ns
ns
ns
ns
+*
ns
ns
+*
ns
ns
ns
ns
Mobility
+***
+*
+*** +*** +***
+***
-*** -*** -*** ns
ns
-***
+*
ADL
+**
ns
ns
+*** ns
ns
-*
ns
ns
ns
-*
ns
-**
IADL
ns
ns
ns
+*** -**
ns
-*** ns
ns
-*
ns
-*
ns
BMI
-*
ns
ns
ns
ns
+**
-*
-*** -**
+*** ns
-**
-***
Depression
ns
ns
ns
ns
ns
ns
-*
ns
-*
ns
-*
ns
+**
Arthritis
ns
ns
+*
ns
+*
+*
+**
+*
ns
+*** +*** ns
-*
Cancer
+**
ns
+*** +**
+***
ns
ns
ns
ns
ns
+*
ns
-*
Diabetes
+**
ns
ns
+**
ns
+***
-**
-**
ns
+*** +*** -***
ns
Hypertension
ns
ns
ns
ns
ns
+***
ns
ns
-*
+*** +**
+**
+*
Heart Disease
+***
ns
+**
+*** ns
+***
ns
ns
ns
+*** +*** -**
ns
Lung Disease
ns
ns
+*
+**
ns
+**
ns
-*
-*
ns
+*** ns
+***
Psychiatric
-*
ns
**
ns
ns
+**
ns
ns
ns
+*
+**
ns
ns
Stroke
ns
ns
ns
ns
ns
ns
ns
ns
-*
ns
ns
-*
+**
Note: Table is truncated respective to previous tables for space reasons. ns = not significant, *p < .05, **p < .01, ***p < .001.
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CHAPTER 5: DISCUSSION AND CONCLUSION
Summary of Results
Results from the study showed that health insurance type was a significant predictor of
several domains of HCU and health behaviors across the studied models. The following
summary will systematically answer the 13 research questions posed prior to analyses. RQ1:
When controlling for predisposing, enabling, and need characteristics, does health insurance type
influence the number of overnight stays in the hospital for adults 65 and older? According to the
multiple regression analysis, older adults across the three insurance types did not have any
difference in the length of hospital stays when controlling for other predisposing, enabling, and
need factors. In fact, only one of the enabling characteristics, assets, reached statistical
significance, while none of the predisposing characteristics did. As a result, length of hospital
stay was almost exclusively predicted by need characteristics such as functional difficulties and
diagnoses of chronic conditions.
RQ2: When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the number of overnight stays in a nursing home for adults 65 and
older? Again, neither of the two included insurance types showed any differences in length of
nursing home stays compared to those covered only by Medicare. Similar to the hospitalization
model, the nursing home model was poorly predicted by predisposing and enabling
characteristics, with no enabling characteristics reaching statistical significance and only one
predisposing characteristic, non-White race, reaching statistical significance in the model of
predictors. However, unlike the hospitalization model, need characteristics were also a generally
poorly predictive of length of nursing home stay. Yet, despite the poor model specification,
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mobility was still one of the significant predictors, with one likely explanation being that rehab
after falls is one of the most common reasons for older adults to enter nursing facilities.
One potential problem with the data may explain why this particular HCU model was so
poorly specified. The HRS only samples noninstitutionalized older adults and any in the sample
who are currently residing in a nursing home are given a weight of 0. As a result, the final HRS
sample is much less likely to have individuals who frequently or ever use nursing facility
services. As seen in Table 1, the average length of nursing home stay was about one night for the
sample with a large standard deviation. Given these issues, the HRS may not be a prime data
source for predicting nursing home admission or length of stay.
RQ3: When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the number of doctor visits for adults 65 and older? In this model, those
who had some other insurance (e.g., private insurance or CHAMPUS) in addition to Medicare
generally had more contacts with a primary care physician compared to the Medicare only group.
On average, they were able to see a doctor about 2.55 more times over the previous two years.
Those with both Medicare and Medicaid saw the doctor no more or less compared to the
Medicare only group.
RQ4: When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the receipt of home health services for adults 65 and older? As with the
hospital and nursing home models, health insurance type showed no significant influence on
utilization of home health services. Given that Medicare and Medicaid typically cover home
health, the result is not surprising. Unfortunately, the HRS does not survey respondents on
services that are typical of Medicaid but not Medicare, such as personal care services, home
modifications, or other home- and community-based services. A study including finer-grained
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questions regarding service usage would likely result in significant differences between those
who have Medicaid versus those who do not.
RQ5: When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the receipt of outpatient surgery for adults 65 and older? Similar to the
model of number of doctor visits, the outpatient surgery utilization model showed that older
adults with other, non-Medicaid supplemental insurance had higher odds of having gotten
outpatient surgery in the previous two years compared to those who only have Medicare. This
insurance category was the only significant predictor of outpatient surgery in the enabling
characteristics category.
RQ6: When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence the regular use of prescription drugs for adults 65 and older? The final
HCU model revealed that individuals who were covered by Medicaid and Medicare together
were more likely to regularly use prescription medication compared to those with Medicare only.
The odds of an individual with Medicaid using prescription drugs was about two times higher
than those with no additional supplement to Medicare. The obvious interpretation is that where
Medicare Parts A and B do not cover prescription drugs, Medicaid may and if it does not, the
individual will often qualify for other prescription assistance programs due to low income,
depending on individual state benefits and available community resources. However, this
explanation does not address why those with private or other governmental supplemental
insurance were not significantly different from the Medicare only group. One of two possible
explanations may be operating in this case. Given this group’s relatively increased access to
other services (primary care visits and outpatient surgery) as well as preventive services
(cholesterol testing and flu vaccines), they may simply not be in as much need of prescription

85

drugs as the Medicaid group due to better overall health. The other possible explanation is datarelated. This study did not include Medicare Part D in creating, a the study scope was more
focused on the role of more comprehensive insurance coverage rather than smaller add-ons such
as Part D or dental insurance, for example. Future studies may benefit from including a Part D
variable or by using a different categorization scheme.
RQ7-9: When controlling for predisposing, enabling, and need characteristics, does
health insurance type influence participation in regular, mild physical activity for adults 65 and
older? When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence participation in regular, moderate physical activity for adults 65 and
older? When controlling for predisposing, enabling, and need characteristics, does health
insurance type influence participation in regular, vigorous physical activity for adults 65 and
older? In the mild and moderate activity models the Medicaid group had differential odds of
participation compared to Medicare only individuals but not in the vigorous activity model. In
this case, those covered by Medicaid had lower odds of participation in mild activity by about
30%. This particular result is curious, considering the result of the moderate activity model,
which shows that these same individuals had higher odds of participating in moderate activity
compared to those with Medicare only.
One plausible interpretation is that those with Medicaid have access to additional health
services, such as prescription drugs as shown by the previous model and other services not
captured by the HRS, for instance, that allows them to maintain their health for longer and
therefore more often participate in more rigorous physical activities. The flip side of this
interpretation, however, is that it indicates that individuals who only have Medicare, despite
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having health insurance coverage, may lack health service access that would otherwise enable
them to maintain their physical fitness and therefore independence.
RQ10-11: When controlling for predisposing, enabling, and need characteristics, does
health insurance type influence the receipt of a cholesterol screening for adults 65 and older?
When controlling for predisposing, enabling, and need characteristics, does health insurance type
influence the receipt of a flu vaccination for adults 65 and older? HRS respondents with other,
non-Medicaid supplemental insurance to Medicare had significantly higher odds of receiving
both a cholesterol test and a flu vaccine over the previous two years. In both models, the other
insurance variable performed strongly, such that it was in the top three strongest predictors. This
may partially be due to this group’s relatively increased contact with medical professionals, as
shown with doctor visits and outpatient surgery. Another possible explanation is that Medicare
only covers preventive cholesterol screenings once every five years. As a result, those who only
have Medicare may be less likely to participate in these preventive services compared to those
with other, private or governmental insurance which would be more likely to provide coverage
for these services more frequently. Given that the HRS look-back period is only two years per
interview, this may have played a contributing factor in the results.
RQ12-13. When controlling for predisposing, enabling, and need characteristics, does
health insurance type influence the number of alcoholic drinks per day for adults 65 and older?
When controlling for predisposing, enabling, and need characteristics, does health insurance type
influence the smoking status for adults 65 and older? In both models, insurance type was not a
significant predictor of either outcome. Overall, other insurance was positively predictive of the
number of doctor visits, outpatient surgery utilization, cholesterol test receipt, and flu vaccine
receipt. Medicaid, on the other hand, was positively predictive of regular prescription drug use,
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as well as regular moderate physical activity but negatively predictive of regular mild physical
activity.
Relation to Previous Literature and Theoretical Implications
The findings from this study concur with previous literature in several ways. First, the
sample roughly matched the larger population in prevalence of insurance coverage type. Similar
to U.S. older adults, about 53% of whom have private supplemental insurance coverage in
addition to Medicare (Administration on Aging, 2015), 58% of the study sample had private
supplemental coverage or CHAMPUS. This small difference is likely due to the fact that those
with only private or no insurance were dropped from the sample. Additionally, in concordance
with studies of the general population (Hanson & Chen, 2007; Nandi et al., 2014; Pampel et al.,
2010) lower SES was linked to higher odds of smoking and lower odds of moderate or physical
activity among older adults. One distinction, however, is that this study found higher assets to be
linked to increased activity while higher income was linked to lower odds of smoking. Likewise,
this study also agreed with previous literature of the general population showing higher
educational attainment as a strong predictor of higher physical activity levels (Nugent et al.,
2016). However, some of this study’s findings did not agree with previous literature.
Like a previous study by Chen et al., (2005), this study also showed a significant
relationship between private supplemental Medicare insurance and use of preventive health
services. The present study revealed that those with other insurance had higher odds of having
gotten a cholesterol test or flu vaccine compared to those with Medicare only. Given that the
Medicare and Medicaid group did not significantly differ from the Medicare only group, it stands
to reason that both groups of individuals had significantly lower uptake of these preventive
services. As previously found by Fitzpatrick and colleagues (2004), those on Medicare who have
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no supplemental insurance or have Medicaid as a supplement more frequently report serious
barriers to HCU compared to those who can afford private insurance. Thus, the topic of
underinsurance among older adults will be important for future studies.
The results from the preceding 13 HCU and health behavior models showed some key
differences from other studies of the general population as well as studies of older adults. First,
the results of the present analyses did not show significant disparities in cholesterol screenings
between Hispanic and non-Hispanic individuals, as previously shown by Mozaffarian and
colleagues (2016) among the general population. One possible explanation is that one or more
control variables in the models explained the disparity; however, the variable(s) that may be
responsible for this finding are currently unknown. Another possible explanation is that while
there is an ethnic disparity in cholesterol screenings among the general population, some change
occurs in older adulthood which corrects for the disparity, such as the receipt of Medicare
coverage. Another important avenue of inquiry would also be to further explore possible
interactions between race/ethnicity and gender, as Mozaffarian et al. (2016) found that Hispanic
men and women also showed disparities in receipt of cholesterol screenings.
Another key difference between the current results and previous literature is that this
study found no link between insurance type and smoking status. Previous prevalence statistics
have suggested that older adults on Medicaid had a higher prevalence of smoking and a lower
prevalence of drinking compared to other types of insurance (Blackwell & Villarroel, 2016). Yet,
when controlling for various need, enabling, and predisposing factors, the models for alcohol
consumption and smoking behavior in this study did not find a significant link between insurance
and these health impairing behaviors. The likeliest explanation is that insurance type was acting
as proxy for SES, which was shown to influence drinking and smoking in the presented models.
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Relation to Dunlop and Colleagues (2002)
An original 2002 study by Dunlop et al. served as the backbone for the design of the
current study, and the results of this study showed some important similarities as well as
differences in outcomes. In regards to the main predictor, insurance type, the results of the
present study matched those of Dunlop et al. (2002) in terms of doctor visits. They found that,
compared to those with Medicare and other private or government insurance, individuals with
only Medicare had lower odds of having seen a doctor at all in the previous two years. Yet, in
terms of the number of physician visits, the authors also found that individuals with Medicare
and Medicaid had more physician visits compared to those with private or government insurance
in addition to Medicare. This is directly in opposition to the findings of the present study which
showed those with Medicare and other insurance to have had more visits on average compared to
the Medicare only group and the Medicaid group. Another difference between this and the
previous study was that Dunlop et al. (2002) found that those with Medicare only had lower odds
of utilizing home health services compared to those with private or government supplemental
insurance, while the present study found no such differences.
Some possible explanations may explain these contradictory findings. To start, despite its
publication in 2002, the Dunlop et al. study used data from the 1993-1995 Asset and Health
Dynamics Among the Oldest Old survey (old name for the HRS), which at the time only
sampled from adults 70 and older, whereas this study included adults 65 and older. While the
present study did not divide respondents into age categories, HCU and health behaviors may be
related to differential predictors or relationship direction may shift in a nonlinear fashion for
different age groupings. Additionally, the data used for the previous study are over 20 years old
compared to the current study. In the intervening years, countless policy, structural, and
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demographic changes as well as societal attitudes toward healthcare have no doubt influenced
the outcomes in both studies. Furthermore, Dunlop et al.’s (2002) study utilized interaction terms
for gender and race and had fewer control variables compared to the present study. Interaction
terms may have especially accounted for these differences in findings. As such, more complex
analysis of the current findings is in order.
This study also had some other striking similarities in comparison to Dunlop et al. (2002).
In their formal analysis of Andersen’s model, they found that enabling characteristics,
conceptualized as economic access, provided little additional predictive power in their six HCU
models when controlling for predisposing and need characteristics. While this study did not
conduct formal analysis of the conceptual underpinnings of Andersen’s behavioral model, the
results strongly pointed in the direction of enabling characteristics as the weakest predictors of
both HCU and health behaviors. Moreover, their study found, as did the present research, that
predisposing and need characteristics were relatively strong predictors of HCU (they did not
analyze health behaviors). More specifically, need factors in their study were most often
predictive of hospital admission and number of doctor visits, while in the present study they were
more often predictive of length of hospital stay and home health use. Taken together, these
findings in the context of the body of HCU and health behaviors literature has a multitude of
theoretical, practice, policy, and research implications, as explained in the following sections.
Implications for Andersen’s Behavioral Model
Previous criticisms of Andersen’s behavioral model have argued that the theory focuses
too heavily on individual characteristics and is thus too narrow, rather than incorporating broader
societal factors (Andersen, 1995; Bradley et al., 2002). In response, the model has evolved to
include more structural and contextual factors such as policy and organizational influences on
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behavior. Others have criticized the theory for being too broad with poorly delineated concepts,
particularly in regards to whether a difference even exists between predisposing and enabling
characteristics and whether the ordering of predisposing before enabling is supported by
evidence (Bradley et al., 2002; Houle, Salmoni, Pong, Laflamme, & Viverais-Dresler, 2001;
Mitchell & Krout, 1998; Wolinsky & Johnson, 1991). Furthermore, others (Jahangir, Irazola, &
Rubinstein, 2012) have argued that in most cases, HCU can be modeled mostly by need
characteristics, and previous research using Andersen’s model has provided some support for
this criticism (Wolinsky & Johnson, 1991; Wolinsky et al., 1983). Despite some methodological
limitations (discussed below), the current study provides additional evidence to support the claim
that need characteristics may generally more predictive of HCU, particularly in comparison to
enabling characteristics. However, predisposing characteristics fared about equally as well as
need characteristics in predicting health behaviors, which provides support to the contention that
HCU and health behaviors are indeed two separate concepts. As a result, the author suggests
rethinking Andersen’s behavioral model as the gold standard in health behavior modeling by
putting a stronger emphasis on the need domain while reconsidering the causal ordering of
predisposing and enabling characteristics. Another suggestion would be to separate out health
behaviors, such as physical activity and smoking, and HCU in the model, as the findings suggest
that they have differential predictive factors. Ultimately, this study offered little evidence to
suggest that enabling characteristics are co-equal predictors of HCU or health behaviors with
need and predisposing factors and may thus be considered for a reduction in its role in
influencing individual decisions regarding the use of health services or health behaviors.
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Social Work Practice and Policy Implications
The results of this exploratory study have multiple practice implications for social
workers as well as other allied health professionals. Perhaps one of the most telling results of this
study related to the strength of relationship between need variables and HCU. While the negative
relationship between mobility difficulties, for example, and physical activity were expected, the
relation of mobility issues and increased use of prescription drugs or primary care visits may not
be immediately recognizable to practitioners as an important. Often, primary care visits or
prescription drug usage are thought of as services for treating or curing a specific illness
(reactive). Practitioners may thus be focused on treating illnesses in older adults as they appear
(reactive) rather than helping to prevent the sometimes non-obvious issues that can precede
major illnesses in the first place (proactive). For example, an individual who has trouble walking
several blocks without stopping will then become less physically active, which puts them at risk
for other health problems such as obesity, high cholesterol, heart attack, and stroke, to name a
few. As a result, these individuals may have higher need for outpatient services in addition to
direct mobility assistance. Consequently, social workers and other health professionals should be
actively involved in advocating for better access to preventive services which can help to address
health problems before they arise or early enough for effective treatment. Social workers and
other health practitioners must also be aware that because mobility is such an important factor in
the health outcomes of older adults, helping clients maintain mobility must be a key part of
treatment and discharge planning across settings, even if they do not currently have mobility
difficulties.
Another important finding for social work practitioners involved the significantly
shortened length of hospital stays for individuals with higher BMI as well as for psychiatric
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problems. Obese older adults are at particular risk for post-surgical hospital readmissions, even
when controlling for demographic and other chronic illness factors, pointing to possible
problems with quality of care and discharge planning for these individuals (Reinke et al., 2012;
Sharif, Parekh, Pierson, Kuo, & Sharma, 2014). Given this increased risk, premature hospital
discharge may exacerbate the risks of post-discharge surgical complications among obese older
adults. Though early discharge may be appropriate and positively influence post-acute recovery
in certain cases, social workers must also be able to recognize the potential risks of early
discharge among this population in order to best advocate for timely and appropriate care
planning. Policymakers and policy advocates must also be aware of the financial factors
undergirding discharge decisions, such as cost cutting concerns versus potential financial
penalties by CMS for readmission of Medicare patients as enacted by the Affordable Care Act
(Reinke et al., 2012). The decision to discharge a hospital patient is therefore a complex decision
which requires that social workers and other allied health professionals have adequate knowledge
in order to best serve their clients and communities.
In regards to older adults with psychiatric problems having shortened hospital stay
lengths, the interpretation of this finding is more difficult, given that the HRS does not
distinguish between general and psychiatric hospitals. Thus, it is not clear whether these
individuals are necessarily comparable to others in the sample. One possible practice concern,
however, is similar to those of obese older adults in that those with psychiatric issues may be at
increased risk of post-discharge complications due to their high care needs (e.g., supports for
medication compliance) and relative lack of social supports, which are both predictive of adverse
post-acute health outcomes (Preyde & Brassard, 2011). Depression has also been linked to
adverse post-discharge outcomes, such as nonadherence to discharge instructions and functional
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decline (Preyde & Brassarad, 2011). Although depression was not specifically significant in the
length of hospital stay model in this model, similar post-acute risks may also applicable to those
with other psychiatric issues. Thus, social workers must take this and other factors that may
indirectly affect the discharge outcomes of older adult hospital patients into account along with
direct, physical health factors.
One of the most concerning implications of the study was the suggestion that those on
Medicare but without private supplemental insurance may be underinsured. The vast majority of
previous analyses of the uninsured and underinsured, i.e. those who have insurance but still lack
access to essential services due to high out-of-pocket costs, has focused on those under 18-64
(Collins, Rasmussen, Beutel, & Doty, 2015; Institute of Medicine Committee on the
Consequences of Uninsurance, 2002; Schoen, Collins, Kriss, & Doty, 2005), despite older adults
having the highest out-of-pocket medical costs of any age group in the country (Machlin &
Carper, 2014). As previously stated, older adults pay, on average, over 4 times more than
children under 18 in yearly, out-of-pocket medical expenses and about 65% more than adults 1864 (Machlin & Carper, 2014).
The general assumption has been that Medicare provides adequate, comprehensive health
insurance to older adults, but previous studies on out-of-pocket medical expenditures as well as
this study suggest that older adults may be at increased risk of underinsurance. While high
medical expenses have been linked to increased poverty among older adults in comprehensive
poverty measures, there is a serious dearth of literature of the full impacts of underinsurance on
HCU, health behaviors, and health outcomes among older adults. At least one study estimated
that about 18% of adults 65-74 and 23% of adults 75 and older were underinsured compared to
11% of those under 65 Baird (2016), but no studies assessing outcomes of underinsurance among
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older adults were found. The current study points in the direction of underinsurance, as indicated
by greater access to doctor visits, outpatient surgery, and preventive health services for those
with private supplemental insurance, but out-of-pocket burden was not included in the analyses.
Further exploration of underinsurance among older adults is thus direly needed, and policy
change efforts should be made to address the problem.
Study Limitations
This study had several key limitations. First, the sample of participants only included
older Americans who were not institutionalized, meaning that the results may not be applied to
those living in nursing facilities or other inpatient care settings. However, one of the survey
design strategies used to combat this problem was the use of multistage sampling and weighting
to the American Community Survey, which is an ongoing, nationally representative yearly
survey of American demographics that occurs between the decennial censuses (U.S. Census
Bureau, 2018). Thus, while the results of the study may not be applicable to those living in
institutions, the results are applicable to older Americans who do not.
Secondly, the weaknesses of self-reported measures in terms of social desirability bias
and regarding concordance between administrative medical claims data and self-reported HCU
are well studied (Jiang, et al., 2015; Raina, Torrance-Short et al. 2009; Wolinsky et al., 2007;
Wolinsky, Jones, Ulrich, Lou, & Wehby, 2015). Consequently, strong caution must be taken to
resist conflating actual utilization with self-reported utilization, especially when the look-back
period is longer than several months, as was the case with the HRS. Previous research has found
that self-reported HCU may be underreported as recall time increases (Bhandari & Wagner,
2006; Short et al., 2009). When possible, research should incorporate administrative claims data
to confirm the accuracy of self-reports.
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Third, while the study focused on healthcare access, the design of the HRS does not
permit much in the way of assessing quality of care or the stated reason for accessing the service.
For instance, respondents with other insurance in addition to Medicare tended to report visiting
the doctor more often than those with only Medicare. Was this because the quality of care they
received was lower, requiring more unnecessary visits to treat illnesses, or was this because
better coverage allowed more needed visits? The analyses, as designed, are unable to fully
answer this question. Furthermore, the use of large survey data necessarily excludes the personal
perspectives of the respondents themselves. While the quantitative data may point to one causal
inference, individuals may have a multitude of stated reasons for accessing health services or
participating in particular health behaviors. As a class, large sample quantitative studies
generally miss the richness of data contained in qualitative and mixed methods studies.
Relatedly, as briefly mentioned in the results summary, the HRS also does not include questions
of services that are typically covered by Medicaid but not Medicare, such as personal care
services and other, non-medical in-home care. As a result, this study is likely missing several key
services that may further differentiate the Medicare only population from other insurance
categories.
Lastly, as an exploratory study, the current research did not utilize complex analyses such
as structural equation modeling (SEM), such as path analysis or confirmatory factor analysis, to
test the validity of the Andersen behavioral model. These methods directly test for possible
mediating, moderating, or spurious relationships among independent variables (path analysis) or
to help confirm the underlying theoretical concepts and their relationships with each other
(confirmatory factor analysis). This specific criticism has been levied at Andersen’s behavioral
model, as the literature has rarely rigorously tested the validity of the model with complex
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statistical analysis despite being 50 years old (Babitsch et al., 2012). Similarly, the study also did
not focus on longitudinal outcomes but instead explored outcomes from a single point in time.
As a result, none of the models were able to provide information on the dynamics of the
predictors of HCU and health behaviors over time.
Future Research
Based on the current state of the literature and the results of this study with its attendant
weaknesses and strengths, future research should focus efforts on several topics: longitudinal
analysis, comparative studies of institutionalized versus noninstitutionalized populations,
mobility difficulty, stroke, and underinsurance. First, given the change in in HCU and health
behaviors from year to year, and even day to day, future studies should incorporate a longitudinal
design in order to track changes in utilization which may help further illuminate the change in
determinants over time. For instance, are need characteristics as predictive of HCU and health
behaviors among those ages 50-64? Does the importance of certain variables or groups of
variables change with time? The HRS is a prime candidate for this type of analysis as it provides
appropriate sample weighting for both cross-sectional and longitudinal analyses, and available
data stretch back to 1992.
Second, institutionalized and noninstitutionalized older adults have differing care needs
and relationships with health organizations. In light of this study’s results, how would a nursing
facility population, for instance use care or behave differently compared to those living at home?
Including more contextual factors such as policy determinants (e.g., eligibility, wait lists,
coverage limitations) and attitudes about health would also help further the body of HCU and
health behaviors literature.
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Third, follow-up research should focus on the predictive strength of not only general need
characteristics but also of mobility difficulties. The results of the study were clear in showing
that need factors, especially mobility difficulties, were significant predictors across the HCU and
health behavior models. While mobility may not be a useful predictor of preventive service use,
it seems to be a strong predictor of other health services and behaviors. Future research should
expand the operational definition of HCU to include services and behaviors not included in this
study. Contrary to mobility, stroke was relatively weak as a predictor of health behaviors and did
not predict any of the HCU outcomes. This particular result is concerning, as the reasons for this
difference relative to other need characteristics is unknown. The results may suggest that older
adults who have had a stroke may not be receiving needed health services or preventive health
services, which are paramount in helping maintain post-stroke cognitive and physical abilities.
Lastly, older adults should be included in studies of underinsurance, as these preliminary
results may point in this direction for Medicare only participants. The models presented in this
study showed that individuals with other, non-Medicaid insurance saw the doctor more often,
received outpatient surgery more often, and were more likely to have received preventive health
services compared to those covered only by Medicare. What contextual, structural, and
individual factors play into these and other differences? Are these differences coverage-related or
may these differences be explained by some other variable not included in this study’s models?
Conclusion
The purpose of this dissertation was to explore the impacts of health insurance coverage
on various types of HCU and health behaviors in older adults. Results showed that while
insurance type was often not a strong significant predictor of HCU or health behaviors, those
who had more comprehensive coverage were more likely to access services. This unexpected
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result pointed to the need for better research and policy advocacy for potentially underinsured
older adults, who are at particular risk of adverse health outcomes. Additionally, results also
supported previous literature that found need characteristics such as chronic illness and
functional impairments to be the strongest predictors of HCU and health behaviors, contrary to
the theoretical model that posits predisposing, enabling, and need characteristics as equal
contributors to health outcomes. Practice implications therefore should focus on helping older
adults maintain their mobility while adequately caring for other chronic health issues in order to
help prevent further illness or deterioration of functional abilities. Future research should utilize
more complex modeling and a longitudinal design that can directly test the validity of the
underlying theory while also assessing changes in service use and behavior over time. In
summary, this dissertation has added to the body of knowledge through expanding upon previous
work through the addition of another set of outcomes (health behaviors) and independent
variables (geographic region, BMI, and depressive symptoms). The study also revealed
important gaps in current literature such as the lack of age-inclusivity in underinsurance, the
relative importance of mobility as an important risk factor for negative health outcomes, and
potential lack of proper care for older adults who are overweight, have a mental illness, or have
previously had a stroke.
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